Tilburg University

Essays on financial incentives in the Dutch healthcare system
Remmerswaal, Minke
DOI:
10.26116/center-lis-2102
Publication date:
2021
Document Version
Publisher's PDF, also known as Version of record
Link to publication in Tilburg University Research Portal

Citation for published version (APA):
Remmerswaal, M. (2021). Essays on financial incentives in the Dutch healthcare system. CentER, Center for
Economic Research. https://doi.org/10.26116/center-lis-2102

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.
• Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
• You may not further distribute the material or use it for any profit-making activity or commercial gain
• You may freely distribute the URL identifying the publication in the public portal
Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Download date: 09. jan.. 2023

Essays on Financial Incentives
in the Dutch Healthcare System
M I N K E R E M M E R S WA A L

Essays on Financial Incentives in the
Dutch Healthcare System

Proefschrift
ter verkrijging van de graad van doctor aan
Tilburg University op gezag van de rector magnificus,
prof. dr. W.B.H.J. van de Donk, in het openbaar te
verdedigen ten overstaan van een door het college voor
promoties aangewezen commissie in de Aula van de
Universiteit op vrijdag 2 juli 2021 om 13:30 uur door

Minke Carlijn Remmerswaal
geboren op 12 oktober 1989 te Heemstede, Nederland.

PROMOTIECOMMISSIE
Promotor:

prof. dr. J. Boone

Copromotor:

dr. ir. R.C.M.H. Douven

Overige Leden:

prof. dr. J. de Jong
prof. dr. T.J. Klein
dr. M. Reuser
prof. dr. W.P.M.M. van de Ven

CONTENTS

Introduction

1

1 unintended effects of reimbursement schedules in mental healthcare
1.1

Introduction

1.2

The Dutch mental healthcare system

1.3

The economic theory of bunching of treatment durations

1.4

Descriptive statistics

1.5

Estimation method

1.6

Estimation results

1.7

Concluding remarks

9

11
12
14

19
22
26
30

2 do altruistic mental healthcare providers have better treatment outcomes?

35

2.1

Introduction

2.2

The mental healthcare system

2.3

Theoretical framework

2.4

Data and descriptive statistics

2.5

Empirical strategy

2.6

Results

2.7

Robustness

2.8

Concluding remarks

37
39

42
45

49

51
58

2.A Appendix

62

64

3 cost-sharing design matters: a comparison of the rebate and deductible in
healthcare

69

3.1

Introduction

3.2

Institutional setting

3.3

Data and descriptives

3.4

Methods

3.5

Results

3.6

Mechanisms

3.7

Robustness analyses

96

3.8

Concluding remarks

102

3.A Appendix

71
74
76

81
85
90

104

4 selection and moral hazard effects in healthcare
4.1

Introduction

4.2

Institutional setting

4.3

Data and descriptive statistics

4.4

Empirical strategy

4.5

Results

4.6

Extending the age range

4.7

Concluding remarks

119

121
125
127

132

137

4.A Appendix

144

153

156

5 a structural microsimulation model for demand-side cost-sharing in healthcare

169

5.1

Introduction

5.2

The model

5.3

Data and setting

5.4

Econometric specification

5.5

Estimation

5.6

Simulations and policy analyses

5.7

Robustness analyses

5.8

Policy implications and discussion

5.A Appendix
Dankwoord
Bibliography

229

233

171
177
184
190

193

215

200

207
213

INTRODUCTION

Having good health and having access to healthcare of good quality which is also affordable
are considered as a few of the most important things in the world. However, healthcare expenditures are high and they are taking up a large part of countries’ budgets. As these healthcare
expenditures are expected to increase even further the coming years, for example due to ageing of the population, politicians and policy makers are actively looking for ways to curb
expenditure growth to ensure the affordability of healthcare in the future, while safeguarding
access and quality of healthcare.
One very powerful and effective way to influence healthcare demand, and thereby healthcare expenditures, is by introducing financial incentives for agents in healthcare, such as users
of healthcare, healthcare providers, and health insurers. A simplified example of how financial incentives affect healthcare demand is a person who weighs the benefits of a treatment,
such as improved health, against the cost of the treatment, such as an out-of-pocket payment
and (the costs of) spending time to visit a physician. The higher the costs, the more likely a
person will forgo the treatment, or will use less care, because he or she cannot afford it or the
costs do not weigh up to the benefits (Zweifel and Manning, 2000). Another example is health
insurers who will try to attract persons for their insurance plans who are profitable for them
and try to ward off insurees who are not profitable (Van de Ven and Ellis, 2000). Lastly, healthcare providers also weigh costs and benefit (both financial as well as patient benefit) when
treating their patients and determining what type or length of treatment the patient should
receive, and they may strategically choose the treatment in order to cover their expenses or
even increase compensation (Ellis and McGuire, 1986; Chandra et al., 2012; Campbell et al.,
2007).
Financial incentives affect the behavior of agents and as such, they are an opportunity (for
policy makers as a powerful instrument to influence behavior) as well as a risk (if applied
wrongly). By knowing how agents respond to particular financial incentives, policy makers
can use that information to encourage desired behavior and discourage undesired behavior.
Furthermore, financial incentives do not only affect the amount of healthcare used or provided:
cleverly designed financial incentives can also affect the quality and accessibility of care, for
example when high quality providers are rewarded or when valuable and necessary care is
made cheaper. The possibilities are endless.
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However, the exact shape, size and impact of a financial incentive in healthcare depends
very much on the context: the interplay of institutions, payment systems, risk adjustment,
cost-sharing, and economic climate, persons’ preferences and health, and so on. Designing
the financial incentive and producing the desired outcome is therefore a complex task and
any given payment scheme or policy can easily lead to unintended financial incentives and
therefore to unintended outcomes.
In the five essays of this thesis we study financial incentives in Dutch healthcare and how
they affect the behavior of two agents: healthcare providers and insured individuals. More
specifically, we look at how differences in the design of these financial incentives – whether
small or big – can lead to large differences in outcomes, such as efficiency, patient health,
healthcare expenditure, and equity. Furthermore, we also study how, even when facing the
same financial incentives, people are different and may respond differently.

overview of the dissertation
This dissertation can be divided into two parts: Chapters 1 and 2 cover payment systems of
providers and Chapters 3, 4, and 5 are about cost-sharing of insured individuals.
In Chapters 1 and 2 we study how providers in mental healthcare in the Netherlands responded to a newly introduced payment scheme. Mental healthcare is an interesting segment
in healthcare for studying financinal incentives, because patients and providers respond even
more strongly to financial incentives than in other segments of curative healthcare. This is
due to the large uncertainty of the effect(iveness) of treatments and the large variation in the
type of treatments (Frank and McGuire, 2000). Plastering up a broken leg is very different for
example from treating a mental condition.
The new payment system which we study in Chapters 1 and 2 was implemented by the
Dutch government in 2008. It is a mix of two ‘traditional’ payment systems in healthcare, capitation and fee-for-service, and designed specifically to embrace the systems’ advantages but to
ward off their disadvantages. Mental healthcare providers were reimbursed for each patient
separately and the tariff per patient primarily relied on the length of the entire treatment (as
measured in minutes). The size of the payment depended on treatment duration in the shape
of a staircase: the tariff for each patient was flat with large, discontinuous increasing steps
at specific treatment duration thresholds (see for example Figure 1.1 in Chapter 1). The aim
of the flat part of the payment system was to promote efficiency by preventing (unnecessary)
prolonging of the treatment. The steps were included to discourage cherry picking of patients
with the mildest conditions. Soon however, the new payment system was criticized for these
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steps as they created an opportunity for mental healthcare providers to increase their total
compensation by strategically ending the patients’ treatments just after reaching a threshold.
In Chapter 1, we study which of these two effects dominated: the improvement in efficiency compared to the ‘old’ payment system or the unintended prolonging of patients’ treatments up to the next treatment duration threshold. We show that mental healthcare providers
in the Netherlands responded strongly to the new payment system and that the former, the
effect on efficiency, is much smaller than the unintended effect: providers strategically increased treatment duration in order to reach the treatment duration threshold and increase
their financial compensation. As a result, healthcare costs increased by 7 to 9% between 2008
and 2010.
In Chapter 2, we study the same payment system and the same mental healthcare
providers as in Chapter 1, but now we also study the effect of the new payment system
on the outcomes of treatments, such as patient health, or on the quality of care. It may be
the case for example that patients whose treatments were prolonged, were also better off. It
may also be that the patients who received shorter treatments, because of the efficiency effect
of the payment system, were worse off. We also study differences among mental healthcare
providers: did they all respond to the new payment system in the same way – or were some
more responsive, financially motivated, than others? And to what extent do these differences
among providers matter for treatment outcomes?
Providers care for both the well-being of their patients as well as for the financial compensation they receive for their services (Ellis and McGuire, 1986; Chandra et al., 2010). Some
providers may attribute more importance to patient benefit than to financial considerations
however, and vice versa. In other words: some providers are more altruistically motivated and
others more financially motivated. In Chapter 2, we study whether and how much providers
differ in this degree of relative altruism and whether that mattered for how they treated patients and the outcome of those treatments on their patients’ health. In the payment system for
mental healthcare, highly financially motivated providers are more likely to end their patients’
treatments episode just after a duration threshold to obtain a larger compensation. However,
highly altruistic providers are more likely to disregard the discontinuities of the scheme.
We find a large variation between providers in the degree of relative altruism. The majority
of providers is, at least to some degree, financially motivated and strategically sets treatment
duration so as to increase their total compensation. A smaller group is not sensitive to the
financial incentives in the payment system and shows no strategic behavior. Furthermore,
we find that these altruistically motivated providers treat their patients shorter and that their
patients have a larger improvement in health than financially motivated providers.
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Chapters 1 and 2 show that the payment system for mental healthcare providers does
not accomplish its intended objectives. It leads to an increase in healthcare expenditures and
rewarded financially motivated providers with longer treatments and smaller improvements
in their patients’ health and not altruistically motivated providers with shorter treatments
and better outcomes. This result stresses the importance of incorporating good measures of
quality in the payment system. However, finding such measures is difficult in healthcare,
especially in mental healthcare. Improvements can also be made within the payment system,
for example by placing the thresholds slightly different or by monitoring providers more
intensively. Another improvement could be to change the shape of the staircase function in
the payment system, by making it concave or by adding a fixed compensation for providers’
fixed costs and a variable compensation – according to a step function or not – for their
variable costs.
The results of Chapters 1 and 2 suggest that providers in mental healthcare have discretionary room to prolong patients’ treatments strategically in order to increase compensation.
Changing the financial incentives for providers is one way to reduce the room to prolong
treatment duration and to reduce healthcare demand. Another way, which is the topic of the
second part of this dissertation, is to change the financial incentives for patients by changing
the cost-sharing scheme. Currently, prolonging treatments does not necessarily harm the patient (although we do see better patient outcomes for altruistically motivated providers) nor
is the patient, in general, confronted with additional financial costs because of it. The reason
for the latter is that as soon as someone uses mental healthcare in the Netherlands he or she
will almost directly exceed his or her deductible, and therefore, all additional treatments are
‘free’. Changing the cost-sharing scheme however could make patients more aware about the
costs of an additional treatment and critical about its necessity, and hence make providers
more reluctant to prolong the treatment. The last three chapters of the dissertation study the
effect of cost-sharing on healthcare demand. We no longer only study mental healthcare, but
expand to the entire Dutch curative healthcare sector, as the cost-sharing schemes in place
also apply to the entire sector.
In Chapters 3, 4, and 5 we study the impact of different designs, levels, and choice of costsharing on persons’ healthcare demand. Even though all demand-side cost-sharing schemes
basically do the same – they shift part of healthcare expenditures to users of care in order
to incentivize them to reduce their healthcare use – there are many options of demand-side
cost-sharing possible (Zweifel and Manning, 2000). The three chapters show that the design
of cost-sharing – and small differences in this design – can have a large effect on the outcome
and show that knowing more about the effects of these financial incentives is important for
policy makers to achieve the desired results.
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In the Chapter 3, we study and compare two cost-sharing schemes which have been in
place in Dutch healthcare: the no-claim rebate, or rebate, in 2006 and 2007, and the deductible,
since 2008. With a rebate a person who uses y euros on healthcare in a given year, receives
a 255 minus y euro reward at the end of the year. As such, the less healthcare you use, the
higher the reward you get at the end of the year. A deductible is in a way the opposite: you
pay the first x euros of your healthcare out-of-pocket yourself, and all costs above x euros, are
covered by the health insurer. In a standard economic framework, a rebate and deductible
of the same size induce the same budget constraint, and from that, one would expect that
individuals respond to the cost-sharing schemes in the same way. However, in Chapter 3, we
show that the deductible leads to a significantly bigger reduction of healthcare consumption
than a rebate.
There are three potential reasons for this. Persons dislike losses more than they like gains,
and therefore respond more strongly to a deductible than a rebate (Kahneman and Tversky,
1979). The financial incentive of a rebate may also be lower than a deductible because the
incentive is later and people discount future costs. Lastly, with a deductible, individuals
have to be able to pay the costs out-of-pocket and set aside the money to pay for it (and not
spend it on other things). Such liquidity constraints are not an issue with the rebate, because
the premium was increased to cover the costs. The persons simply do not receive a reward
anymore. Our results suggest that the last reason, liquidity constraints, are an important
explanation for the difference in effect of the rebate and deductible. As such, the deductible is
more effective to lower healthcare costs and the health insurance premium, but if, for example,
policy makers worry about liquidity constrained low-income groups abstaining from valuable
care, then a rebate may be preferred over a deductible (for this group).
The deductible and rebate are very standardized cost-sharing schemes as they are mandatory and apply to every adult in the Netherlands. It is also possible however to have different
levels or types of cost-sharing for different groups of individuals, and to offer people choice.
Offering choice in health insurance plans is very common. For example, a person can choose
the type of care he or she wants covered in his or her health insurance plan, the healthcare
providers contracted, and so on. Offering choice is seen as valuable or beneficial as people
have different preferences and by offering choice, an individual can select the plan which
matches his or her preferences best (Cutler and Zeckhauser, 2000). In Chapter 4, we study the
effects of offering choice in cost-sharing in the Netherlands.
Since 2008, each person faces a mandatory deductible in Dutch healthcare. But they also
have a choice: on top of that mandatory deductible, everyone can choose to increase the
deductible by opting for a voluntary deductible. If they do, they receive a discount on their
health insurance premium in return. The disadvantage of adding such a choice is that it
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could also lead to adverse selection when only the healthy, low-risk, individuals opt for the
voluntary deductible and unhealthy, high-risk, persons do not.
In Chapter 4, we find that average healthcare expenditure of persons who chose a voluntary deductible in the Netherlands is lower than the average healthcare expenditure of
persons with (only) a mandatory deductible. This difference is mainly the result of adverse
selection, not the result of a reduction of healthcare expenditure due to the higher deductible.
Furthermore, we show that the voluntary deductible distorts premium setting because there
is a cross subsidy from high-risk persons who did not choose the voluntary deductible to
low-risk persons who did. That is, high-risk persons partly pay for the premium discount of
low-risk persons with a voluntary deductible. Although the selection effect is large, the premium increase is small, because a relatively small part of the population opts for a voluntary
deductible.
A financial transfer from high-risk to low-risk individuals may be considered undesirable
by policy makers. Especially since we show that the effect of the voluntary deductible does
not lead to a large reduction of healthcare expenditure either. However, these disadvantages
need to be weighed against the benefits of offering choice for people who differ in their degree
of risk aversion.
Chapters 3 and 4 involve cost-sharing schemes which have been in place in Dutch healthcare since 2006. Chapter 5 expands to other cost-sharing schemes which have not been in
place in Dutch healthcare before, such as a co-insurance rate and a shifted deductible, and
looks at whether those schemes may improve the trade-off between efficiency and equity. A
traditional deductible can be improved upon in terms of this trade-off: people who need
(some) healthcare know they will likely exceed the deductible anyway, and they are therefore
little affected by it (that is, they are not ‘at the margin’) and (chronically) ill persons carry the
heaviest financial burden and risk as they have to pay the full deductible out-of-pocket each
year.
By modeling and predicting the effect of different types and levels of cost-sharing on
healthcare expenditure we show how each scheme affects the trade-off between efficiency and
equity. The Bayesian mixture model combined with a structural model enable us to predict
the effects on healthcare expenditures of other cost-sharing schemes than the deductible or
rebate, schemes which have not been in place in Dutch healthcare before. Furthermore, the
distributions of healthcare expenditures are modeled explicitly across age and gender. These
distributions capture the expected healthcare costs of persons of a given age and gender which
matters for the price of care that they face under a cost-sharing scheme, and therefore also
their response to the cost-sharing scheme.
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In Chapter 5 of the dissertation, we show that for persons without a chronic condition,
shifting the starting point of the deductible will increase the effective price of care for
individuals and reduce healthcare expenditures, while lowering how much people have to
pay for healthcare out-of-pocket. In other words: the shifted deducible alleviates the trade-off
between efficiency and equity. The current deductible is relatively inequitable and inefficient
as quite a lot of persons are not affected at the margin.
Together, the five essays of this dissertation shed light on how different financial incentives
in Dutch healthcare affect provider and individual behavior. They illustrate the large impact
financial incentives can have on healthcare demand and how easily these incentives can lead
to unintended outcomes. The papers also reveal how much can still be gained in healthcare if
the incentives are designed in a clever way.
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UNINTENDED EFFECTS OF
R E I M B U R S E M E N T S C H E D U L E S I N M E N TA L
H E A LT H C A R E

This chapter was written with Rudy Douven and Ilaria Mosca. It is based on: Douven, R., M.
Remmerswaal, and I. Mosca (2015), Unintended effects of reimbursement schedules in mental
healthcare, Journal of Health Economics 42, 139–150.
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abstract
We evaluate the introduction of a reimbursement schedule for self employed mental healthcare
providers in the Netherlands in 2008. The reimbursement schedule follows a discontinuous
discrete step function – once the provider has passed a treatment duration threshold the fee is
flat until a next threshold is reached. We use administrative mental healthcare data of the total
Dutch population from 2008 to 2010. We find an “efficiency” effect: on the flat part of the fee
schedule providers reduce treatment duration by 2 to 7% compared to a control group. However, we also find unintended effects: providers treat patients longer to reach a next threshold
and obtain a higher fee. The data shows gaps and bunches in the distribution function of
treatment durations, just before and after a threshold. About 11 to 13% of treatments are
shifted over a next threshold, resulting in a cost increase of approximately 7 to 9%.

1.1 introduction

1.1

introduction

Before 2008, all mental healthcare in the Netherlands was organized and funded in a national
insurance scheme (Exceptional Medical Expenses Act (AWBZ)). The AWBZ was paid for by
income differentiated premiums raised through taxes and it provided long term and mental
healthcare for all citizens. Mental healthcare providers were mainly funded with budgets.
This changed in 2008, when the Dutch government placed a part of mental healthcare, the
curative and acute mental healthcare, under the regime of regulated competition.1 The goal
of this policy change was to improve the efficiency in the sector by letting private insurers buy
care on behalf of their enrollees. Providers no longer receive budgets, but a case mix based
reimbursement that we will review in Section 1.2.2 Mason and Goddard (2009) review the
international literature on reimbursing mental healthcare providers and argue that case mix
based funding offers incentives for a range of objectives, including improvements in efficiency,
quality of care and patient choice. They criticize the Dutch reimbursement schedule and state:
“it [...] therefore does not appear to encourage early discharge and could incentivize providers
to deliver medically unnecessary treatments”. Dutch policymakers also recognized that the
reimbursement schedule in mental healthcare might create unintended incentives (Ministry
of Health, Welfare and Sports, 2010; Dutch Healthcare Authority, 2010). This research aims to
quantify these possible effects.
The design of a payment system is a complicated matter, especially in mental healthcare.
Uncertainty and variations in treatments are likely to be great in the mental healthcare market
making the response of patients and providers to financial incentives larger than in other areas
of healthcare (Frank and McGuire, 2000). A large body of the literature in health economics
establishes that healthcare providers respond to financial incentives (for excellent overviews
see Chandra et al. (2012) and McGuire (2000)). Most empirical evidence concerns the US and
shows that fee-for-service payment provides incentives for overtreatment. Some of the first
papers on this topic are Epstein et al. (1986), Hickson et al. (1987), and Stearns et al. (1992).
Recently, in the Netherlands, similar behavioral responses have also been reported since the
introduction of regulated competition in the Dutch hospital market (Douven, Mocking and
Mosca, 2015) and market for general practitioners (Van Dijk et al., 2013). Less research has
been done on case mix based funding in the mental healthcare market (Mason and Goddard,
2009). In the US, Jennison and Ellis (1987) found an 18% increase in the rate of visits per mental
health provider per month when they shifted from a salaried basis to a fee-for-service basis.
Rosenthal (2000) has examined the effects of risk sharing with mental healthcare providers.
She found that providers that received a salary reduced their number of visits by 20 to 25%
1
2

Managed competition in the Dutch curative care sector was introduced in 2006 (Van de Ven and Schut, 2008).
The case mix refers to the mix of different types of patients that are treated by the provider.
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compared to providers who were still paid for each visit. Bellows and Halpin (2008) studied the impact of Medicaid reimbursement on mental health quality indicators and found
evidence of upcoding of quality indicators to increase reimbursement.
This is the first study to evaluate the introduction of a new reimbursement schedule in
mental healthcare in the Netherlands. The reimbursement function follows a discontinuous
discrete step function – once the provider has passed a treatment duration threshold the fee
does not increase until a next threshold is reached. We look at two effects: efficiency and
unintended effects. Our study shows that the unintended effects – i.e. providers treat patients
longer to reach a next threshold and obtain a higher fee – outweigh the efficiency effect – i.e.
on the flat part of the fee schedule providers treat patients shorter and prolong treatment only
if marginal benefits to patients outweigh marginal costs. We separate out these two effects
by using a regression discontinuity design (see e.g. Lee and Lemieux (2010)).3 Providers’
behavior around discontinuous fee thresholds are most likely be explained by the change
in fee, and not by other contemporary factors such as medical quality, treatment outcome,
location or other unobserved factors. We use a quasi experimental design in which 10% of
all mental healthcare providers are paid according to the new reimbursement schedule, while
90% of providers were not subject to the reform. This latter group serves as a control group.
We find an efficiency effect: we estimate a reduction in treatment duration by 2 to 7% and
lower costs by 3 to 6% compared to a control group. However, we also find unintended
effects: in total, about 11 to 13% of treatments are shifted to over a next threshold, resulting
in a cost increase of approximately 7 to 9%.
The outline of our paper is as follows. Section 1.2 provides a concise overview of the
Dutch mental healthcare system. Section 1.3 describes the economic theory relating to the
new reimbursement schedule. Section 1.4 describes the data and Section 1.5 presents the
estimation methods. Section 1.6 presents the results and Section 1.7 concludes.

1.2

the dutch mental healthcare system

Although the mental health status of the Dutch population has been roughly stable since 1975,
the number of people that use professional mental health services has increased with about
10% per year from 535,000 patients in 2001 to about 1 million patients in 2009 (GGZ Nederland,
2010).
Dutch mental healthcare distinguishes between primary and secondary care. Patients with
mild mental disorders usually go to primary care, which is provided by a general practitioner,
3

In the analysis we use cross sectional comparisons between the two groups instead of a difference-in-difference
model because there is no data available prior to the reform in 2008.

1.2 the dutch mental healthcare system
psychologist, psychotherapist or psychiatrist.4 Patients with a more serious condition need
specialized care and are referred to secondary care. Secondary care is split into curative
care and long term care. Long term care patients usually remain in an institution such as a
residence or other kind of mental health facility for longer than a year. Our study focuses on
patients who receive curative care. They can receive care in an inpatient or outpatient setting
and their treatment does not last longer than a year.
The reform to regulated competition in 2008 required many changes for providers, health
insurers and regulators. The government decided upon a transition period between 2008
and 2010, in which health insurers became responsible for the services of mental healthcare
providers. However, during the transition period insurers did not incur financial risk on providing mental healthcare.5 Since 2008, providers are reimbursed on their case mix, called a
DBC (Diagnosis Treatment Combination). A DBC refers to the complete treatment episode
of a patient. It starts with the initial consultation and continues until the provider ends the
treatment. Consider for example a patient with mild depression that for ten months receives
each month an individual therapy for sixty minutes by a psychotherapist (and no other form
of medication or treatment). This patient’s treatment can be coded with the following DBC:
“Depression, 250 to 800 minutes, no medication” (DBC Onderhoud, 2013). If a treatment
episode lasts longer than one year, the DBC is closed automatically. After that year a new
DBC is opened. With the closed DBC a provider can receive reimbursement from his patient’s
healthcare insurer. The fee covers all labor and capital costs related to the treatment episode.
The reimbursement fee for a DBC was fixed during our period of study and set prospectively
by the Dutch Healthcare Authority (Nederlandse Zorgautoriteit). Patients’ out of pocket payments were limited.6
Most mental health providers worked in large regional institutions in the period under
consideration. These institutions can be a regional facility for ambulatory care, but also a
specialized psychiatric hospital. Often, many different types of mental healthcare specialists
work together. Their payment was before (and after) 2008 still based on annual budgets. These
budgets were based on expected case mix and several regional budget parameters (such as
inflation, wages, capital costs, et cetera). Mental healthcare specialists who work at a budgeted
institution received a fixed salary. Negotiations with health insurers only took place with the
4

5

6

As of 2008, groups of practice nurses, social workers and psychologists (named POH-GGZ) entered the market to
support general practitioners.
Health insurers had therefore no financial incentives to control costs. The policy was that first a proper risk
adjustment system should be implemented before health insurers could bear more financial risks. In 2013, DBC
fees became subject to negotiation between insurers and providers. To stimulate efficiency, the government started
programs to develop quality indicators in mental healthcare. In 2013, a critical report (The Netherlands Court of
Audit, 2013) concluded that the stability and quality of most indicators is poor and needs to be improved.
There was a mandatory annual deductible of 150 euros (in 2008) to 165 euros (in 2010) for all curative services
(including mental health services) except general practitioner care and obstetrics.
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dominant health insurer in the geographical region between 2008 and 2010. These mostly
large mental healthcare institutions account for about 90% of the sector (Dutch Healthcare
Authority, 2012). Henceforth, we will use these ‘budgeted’ or B providers in our study as a
control group because their individual salaries between 2008 and 2010 were not related to the
new reimbursement schedule.
About 10% of the mental healthcare providers chose to work independently, e.g. in private
practices. Only this group of self employed providers, and new providers that entered the
market after January 1st of 2008, received their income according to the new reimbursement
schedule. Contrary to B providers, the self employed had to negotiate with all healthcare
insurers in the period concerned. The focus of self employed providers was initially mostly
on new, innovative segments of the mental care market, such as addiction clinics, youth mental
health, and a combination of services on work and mental health recovery (Dutch Healthcare
Authority, 2011a). This group of self employed providers will be our treatment group and,
henceforth, we will call these providers ‘non budgeted’ or NB providers.
To obtain mental health services patients need a referral from a general practitioner. After
a referral patients are in principle free to choose any mental healthcare provider; in practice
however they will often follow the advice of their general practitioner. Although B and NB
providers tend to specialize in certain mental health conditions (see Section 1.4), we assume
that for a given mental health condition there are on average no differences between NB and
B providers in the types of patients they treat. This assumption is likely to hold true as we
analyze many mental health conditions that are offered by both types of providers.

1.3

the economic theory of bunching of treatment durations

In this section we will explain in more detail the new reimbursement schedule and how we
separate efficiency and unintended effects. Treatment duration is the basis of the size of the fee
in the new schedule, and is calculated as a weighted sum of several components, i.e. several
activities.7 Individual contact by the provider with the patient receives the highest weight. It
can be a consult, intake or therapy session. Lower weighted components are the time that a
patient spends on other organized activities, such as group therapy session, and the number
of days that a patient stays overnight in an institution. If for example, a patient receives eight
therapy sessions of one hour (duration is 480 minutes), ten hours of group sessions (weighted
7

The main activities that shape a DBC are: diagnostics and treatment, daytime activities, residence in an institution,
and (medical) activities. Each one of these activities is further split into other activities. To each one of this activity
belongs a duration in minutes and a corresponding tariff.

1.3 the economic theory of bunching of treatment durations

Reimbursement fee (€)

12,088

6,374

3,703
2,050
1,038
250

800

1,800

3,000
Treatment duration (minutes)

6,000

Figure 1.1: Reimbursement schedule for the specialty ‘depression’.

as a total duration of 150 minutes) and three days in a residence (weighted as 180 minutes),
it accounts for total treatment duration of 810 minutes. Figure 1.1 shows the reimbursement
schedule for DBC category ‘depression’. The horizontal axis shows the different classes of
treatment duration. All DBC categories, in all specialties of mental health care, have the
same treatment duration thresholds: at 250, 800, 1,800, 3,000, 6,000 minutes.8 The vertical axis
shows the corresponding fees. They are unweighted averages for the years 2008 – 2010. Figure
1.1 shows that the reimbursement schedule is a discrete step function, in which fees are flat
and only increase after a threshold is reached. The fees at each duration threshold slightly
differ across specialties (e.g. depression, anxiety disorders, etc.). Only the specialty ‘other
childhood disorders’ has higher fees for treatments with more than 3,000 minutes (Dutch
Healthcare Authority, 2007, 2008, 2009).9
The idea of the step function is a combination between a prospective fee per episode of care
(the flat part of the reimbursement schedule) and fee-for-service (fees increase after a threshold
has been reached). Prospective fees create incentives for providers to limit treatment duration
which may lead to an efficient provision of care (McGuire, 2000). However, if the prospective
8

9

Thresholds occur also at 12,000, 18,000 and 24,000 minutes but we capped the duration time at 7,000 minutes
because such long treatment durations were rare.
No major changes occurred in the reimbursement schedule throughout the studied period.
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fee is not adjusted for the severity of the patient then a provider has a potential incentive to
select less severe patients, i.e. patients that need short treatment duration. The idea of the
step function is to prevent such selection incentives by setting higher fees for more severe
patients. However, setting higher fees exacerbate fee-for-service incentives like overprovision
of care around thresholds. For example, the reimbursement fee for a treatment duration of
2,900 minutes is 3,703 euros, while a prolongation of the treatment with 100 minutes yields
6,374 euros. This is a small difference in terms of treatment duration but a large difference
in financial reward. The reimbursement schedule in Figure 1.1 may result in overprovision or
“bunching” of treatments at thresholds.
In line with Ellis and McGuire (1986, 1990), referred to as E&M from here onwards, we
formulate a utility function of provider j for providing patient i with health severity θi a
treatment duration xi . The function is composed of two parts: benefits Bi to the patient and
profits πi for the provider.
Uij = Bi (xi , θi ) + aj πi (xi )

(1.1)

As in E&M, the agency parameter aj describes the extent to which a provider weights the
benefits to the patient relative to its own profits. For example, an entrepreneurial provider
may attribute a higher aj to profits. For the benefits to the patient Bi (xi , θi ) we make the
standard assumptions

∂Bi (xi , θi )
∂xi

> 0 at xi = 0 and

∂2 Bi (xi , θi )
∂2 xi

< 0, indicating that at the

start of the treatment there is a positive benefit to the patient and the marginal benefit to the
patient declines as treatment duration increases. We model the profit function πi (xi ) for a NB
provider in Equation (1.1) as follows:
πi (xi ) = P (xi ) − cxi with P (xi ) = Pl for kl 6 xi < kl+1

(1.2)

where kl represents the treatment duration thresholds, with l = 1, . . . ,5, and k1 =
250, k2 = 800, k3 = 1, 800, k4 = 3, 000, k5 = 6, 000 minutes. P (xi ) is the flat fee rate for
a treatment duration xi . For example, in Figure 1.1, P (350) = 1, 038 and P (1, 000) = 2, 050
euros.10 Provider costs are represented by a simple linear cost function cxi and indicate production costs as well as indirect costs such as foregone leisure time. Note that the profit
function πi (xi ) is discontinuous at a threshold xi = kl . In line with E&M we assume that a
provider maximizing its utility solves the problem:
max Bi (xi , θi ) + aj (P (xi ) − cxi )
xi

10 These

are the reimbursement fees for depression.

(1.3)

1.3 the economic theory of bunching of treatment durations

Figure 1.2: Bunching at treatment duration thresholds.

Thus, given a patient’s severity θi , and provider agency type aj , a provider will choose a
treatment duration xi that solves the maximization problem in (1.3). Solving (1.3) returns that
marginal benefits equal marginal costs:
∂Bi (xi , θi )
= aj c with discontinuities at xi = kl .
∂xi

(1.4)

In Figure 1.2, we illustrate that solving this optimization problem results in bunching at
treatment duration thresholds kl .11 We plot the various marginal benefit functions

∂Bi (xi , θi )
∂xi

and the marginal loss line aj c, which is discontinuous at thresholds k1 and k2 . We observe
a spike at both treatment duration thresholds because reaching such a threshold implies that
the provider receives a higher reimbursement fee (or bonus). The size of both spikes depends
on the fee difference before and after the threshold.12 When the marginal benefit function of
the patient with severity θ1 crosses the marginal loss line aj c in Figure 1.2 the provider will
not end its treatment but prolong treatment until k1 because its utility is maximized at the
threshold k1 . A similar reasoning applies to the marginal benefit function θ2 , the provider
prolongs treatment until k2 . The result is bunching. The distribution of treatment durations
11 Bajari

et al. (2011) perform a similar analysis with figures.
∂Pi (xi )
size of the spike has to be determined empirically. Around kl , locally holds
= −∞, implying an
∂xi
infinite spike. However, in practice the decision to prolong treatment is more discrete in nature. For substantial
shorter treatment durations than at thresholds kl , the provider has to trade off the costs associated with treating
the patient longer versus the size of the fee difference equal to Pl+1 − Pl .

12 The
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will exhibit gaps before treatment duration thresholds. These gaps are expected to be larger
for treatment durations closer to k1 and k2 .13
The reimbursement schedule provides also incentives for efficiency. For example, if aj = 1
then

∂Bi (xi , θi )
∂xi

= c, and all dots on the marginal loss line aj c in Figure 1.2 correspond with

socially optimal treatment durations, where marginal benefit to the patient equals marginal
costs (McGuire, 2000). In the case of aj = 1, bunching implies overtreatment. If aj > 1,
all dots on the marginal loss line aj c correspond with undertreatment. Bunching implies
that some treatment durations are prolonged and become closer to the cost efficient duration
(although some overshooting may also happen). Similarly, if aj < 1, there is overtreatment
and bunching implies even more overtreatment.
Important for our estimation procedure is the notion that there is only a financial incentive
to prolong, and not to shorten, treatment durations. For example, a provider that hits a
treatment duration threshold will not end the treatment but will prolong treatment as long as
marginal benefits to the patient outweigh marginal costs.14
Now, consider our comparison group, the B providers who receive a fixed salary. Compared to NB providers, we expect no bunching at treatment duration thresholds kl because
B providers face no particular financial consequences around these thresholds. We make a
general assumption about the behavior of B providers, namely that

∂Bi (xi , θi )
∂xi

= d, where d

is a constant. The incentive structure may differ between B and NB providers. B providers
are paid a fixed amount for a fixed period of time. Salaried providers have no incentives to
deliver unnecessary services, nor an incentive for “underprovision” except to the degree that
providers may “shirk” under salaried arrangements. That means that they may attempt to
provide fewer services – shorten treatment duration – than under other contractual arrangements (Christianson and Conrad, 2011). Under a prospective fee shirking is less of a problem
because production of NB providers is directly related to their income. Although, keeping
treatment durations short allows them to treat more patients in a given time frame, resulting
in more income.
Moreover, B and NB providers may differ in how they are confronted with costs. For
example, salaried providers may put less weight on costs than NB providers because their
institution covers partly these costs. In the extreme case, they face no costs (d = 0) and
salaried providers care only about patient benefits and not about costs. We take an agnostic
approach here and let the data decide whether treatment duration differs between B and NB
13 Suppose

treatment duration is at a local optimum. The farther away this treatment duration is from a threshold
duration k the more costly it will be for a provider to move to the threshold k.
14 An exception could be a provider with (too) many patients in his practice. Such a provider may have a financial
incentive to end a treatment after hitting a threshold because treating a new patient may be more rewarding (in
terms of profits and total patient benefits). Vice versa a provider with a shortage of patients may have an incentive
to prolong treatment duration securing his financial income. In our analysis we assume that these are second
order effects.

1.4 descriptive statistics

Figure 1.3: Marginal profit line of budgeted providers lower than aj c.

providers. There can be three different outcomes in Figure 1.2. The marginal loss line d is
located below the largest vertical spikes of the NB providers then B providers would treat all
patients longer than NB providers. The marginal loss line d is located above the marginal loss
line aj c and B providers treat patients shorter. In Figure 1.3, we plotted the third possibility:
the marginal loss line d of the B providers is situated below the marginal loss line aj c but not
below the spikes. Treatment durations of B providers can be shorter (for example for patients
with severity θ2 ) and longer (for example for patients with severity θ1 ) than for NB providers.
In this case we can distinguish two effects. First, some patients may be treated shorter. We
call this an “efficiency” effect. This effect is measured by the vertical distance between the
marginal loss line d and the marginal loss line aj c. Second, some patients may be treated
longer. Unintended effects of bunching around thresholds (vertical lines in Figures 1.2 and
1.3) may result in “overprovision” of care.

1.4

descriptive statistics

We obtained our dataset from an administrative database maintained by the Dutch Healthcare
Authority and it contains all registered DBCs from providers in the secondary curative mental
healthcare in the Netherlands for the period 2008 to 2010. All treatments had a minimum
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Table 1.1: Description of the data
Specialty
2008
Depression
Anxiety disorders
Adjustment disorders
Hyperkinetic disorders
Personality disorders
Other diagnoses
Schizophrenia
Pervasive disorders
Delirium dementia and other disorders
Other substance use disorders
Alcohol use disorders
Other childhood disorders
Bipolar disorders
Other mental disorders and problems
Total

80,444
57,829
46,693
35,271
39,077
26,797
24,832
27,425
17,796
14,544
14,170
9,427
13,228
49,282
456,815

Number of DBCs
2009
2010
78,944
60,262
49,865
41,463
39,122
28,362
27,053
25,820
17,680
15,004
14,071
13,398
12,423
50,901
474,368

76,975
60,706
49,080
43,442
39,127
30,611
28,234
24,968
17,617
15,353
13,796
18,576
12,349
49,602
480,436

Total
236,363
178,797
145,638
120,176
117,326
85,770
80,119
78,213
53,093
44,901
42,037
41,401
38,000
149,785
1,411,619

Notes: The numbers in the table correspond to DBCs with treatment durations
smaller than 4,000 minutes.

duration of 250 minutes and there were only few DBCs with a very long treatment duration,
therefore we restricted our sample to DBCs with a maximum treatment duration of 4,000
minutes.15 Table 1.1 summarizes the data. It contains approximately 1.4 million observations
in fifteen specialties.
Table 1.2 distinguishes between B and NB providers. B providers produce the most DBCs
for all categories. Some mental disorders are almost exclusively treated by B providers, for example for the categories ‘delirium, dementia and other disorders’, ’alcohol use disorders’ and
to a lesser extent ‘schizophrenia’. For NB providers we observe in many cases the profession
of the therapist: we have 1,302 psychologists, 431 psychiatrists and 74 providers working in
institutions. For B providers we do not observe the profession because they are all grouped
together in large regional institutions. The data contains for each DBC information on the
type of therapy (for example adult, forensic, crisis or child care) and whether this is individual therapy, or (also) group therapy or a overnight stay. Other variables are the reason for
closing a DBC (for example closed on a regular basis, or duration exceeding a year, or patient
dissatisfied with treatment), and whether providers have prescribed drugs during a treatment.
Another important variable are the global assessment of functioning (GAF) scores. The GAF
score is a quality measure for the severity of a patient’s mental illness. GAF scores range between 0 (very severe symptoms) and 100 (no symptoms). Providers report these GAF scores
at the beginning of a treatment.
15 Treatment

durations below 250 minutes belong to primary mental healthcare. About 8% of the treatments had
treatment duration longer than 4,000 minutes. Note that 4,000 minutes is well below the next threshold at 6,000

1.4 descriptive statistics
Table 1.2: Type of provider and number of DBCs (years 2008 to 2010)
Specialty
Depression
Anxiety disorders
Adjustment disorders
Personality disorders
Hyperkinetic disorders
Other diagnoses
Schizophrenia
Pervasive disorders
Delirium dementia and other disorders
Other substance use disorders
Alcohol use disorders
Other childhood disorders
Bipolar disorders
Other mental disorders and problems
Total

Budgeted
providers

Non budgeted
providers

Total

181,487 (77%)
142,747 (80%)
115,416 (79%)
107,545 (89%)
91,126 (78%)
73,216 (85%)
75,096 (94%)
76,633 (98%)
52,891 (100%)
43,958 (98%)
40,717 (97%)
27,969 (68%)
34,557 (91%)
112,309 (75%)
1,175,667 (83%)

54,876 (23%)
36,050 (20%)
30,222 (21%)
12,631 (11%)
26,200 (22%)
12,554 (15%)
5,023 (6%)
1,580 (2%)
202 (0%)
943 (2%)
1,320 (3%)
13,432 (32%)
3,443 (9%)
37,476 (25%)
235,952 (17%)

236,363
178,797
145,638
120,176
117,326
85,770
80,119
78,213
53,093
44,901
42,037
41,401
38,000
149,785
1,411,619

Notes: The numbers in the table correspond to DBCs with treatment durations smaller
than 4,000 minutes.

Table 1.2 shows that patients are unevenly distributed across providers. To obtain enough
power for our tests we narrowed down our patient sample and considered only patients within
the following specialties: depression, anxiety disorders, adjustment disorders, and personality
disorders.16 To obtain similar patient characteristics for comparing our treatment and control
group we only selected patients in the category “adults” that received individual therapy
sessions. Also, we selected DBCs which were closed on a regular basis and where patients
received no prescribed medication. Furthermore, we corrected the subsamples for the severity
of the diseases. Based on the GAF scores four subsamples per specialty were created. The
first subsample considers all patients that received as initial assessment a GAF score between
41 – 70. The other three subsamples are selected from this subsample, each containing only
patients with one of the following GAF scores: 41 – 50, 51 – 60, or 61 – 70.17 For these
subsamples patients treated by B and NB providers have exactly the same characteristics
and, thus, can be compared.18 Table 1.3 summarizes and shows the number of observations
for each subsample.19 Note we also included the total sample in our estimations. Patient
characteristics of the total sample are very likely to differ between B and NB providers but it
minutes, so estimation errors that occur because providers prolong treatment duration to 6,000 minutes are likely
to be small.
16 We choose for these four categories because they are most prevalent treated mental illnesses with a clear diagnosis
(see Table 1.2).
17 The patient has some mild symptoms (e.g., depressed mood and mild insomnia) [GAF scale 61 – 70], moderate
symptoms (e.g., flat affect and circumlocutory speech, occasional panic attacks) [GAF scale 51 – 60] or serious
symptoms (e.g., suicidal ideation, severe obsessional rituals, frequent shoplifting) [GAF scale 41 – 50].
18 The age and sex distributions are very similar across subsamples.
19 The number of observations shrinks the more narrowly the subsample is defined. Important is also that many
records were not filled in completely, and therefore had to be excluded from our subsample.
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Table 1.3: Number of observations in various subsamples (years 2008 to 2010)

1 Total Sample
2 Sample Depression
2a GAF: 41 – 70*
2b GAF: 41 – 50*
2c GAF: 51 – 60*
2d GAF: 61 – 70*
3 Sample Anxiety Disorders
3a GAF: 41 – 70*
3b GAF: 41 – 50*
3c GAF: 51 – 60*
3d GAF: 61 – 70*
4 Sample Adjustment Disorder
4a GAF: 41 – 70*
4b GAF: 41 – 50*
4c GAF: 51 – 60*
4d GAF: 61 – 70*
5 Sample Personality Disorder
5a GAF: 41 – 70*
5b GAF: 41 – 50*
5c GAF: 51 – 60*
5d GAF: 61 – 70*

Budgeted
providers

Non budgeted
providers

Total

1,175,667 (83%)
181,487 (77%)
57,740 (65%)
12,132 (71%)
32,730 (65%)
12,878 (61%)
142,747 (80%)
55,505 (72%)
10,360 (78%)
31,051 (72%)
14,094 (68%)
115,416 (79%)
55,545 (72%)
5,985 (76%)
30,571 (72%)
18,989 (71%)
107,545 (89%)
39,571 (69%)
8,467 (78%)
22,102 (69%)
9,002 (62%)

235,952 (17%)
54,876 (23%)
30,508 (35%)
4,963 (29%)
17,395 (35%)
8,150 (39%)
36,050 (20%)
21,581 (28%)
2,934 (22%)
12,086 (28%)
6,561 (32%)
30,222 (21%)
21,607 (28%)
1,934 (24%)
12,067 (28%)
7,606,(29%)
12,631 (11%)
17,977 (31%)
2,457 (22%)
10,056 (31%)
5,464 (38%)

1,411,619
236,363
88,248
17,095
50,125
21,028
178,797
77,086
13,294
43,137
20,655
145,638
77,152
7,919
42,638
26,595
120,176
57,548
10,924
32,158
14,466

Notes: The numbers in the table correspond to DBCs with treatment durations
smaller than 4,000 minutes. In the samples with an asterisk (*) we only consider
individual adult therapies without medical prescriptions that were closed on a regular basis.

provides an estimate of the total effect of prolonging treatment durations due to the existence
of various thresholds.

1.5

estimation method

Figure 1.4 shows the distribution of treatment durations in the total sample (this corresponds
to ‘Total Sample’ in Tables 1.2 and 1.3) for both types of providers. The three vertical black
lines correspond to three treatment duration thresholds at 800, 1,800 and 3,000 minutes. The
distribution function clearly differs between the B and NB providers. The treatment distribution for the budgeted providers is smooth for all treatment durations. However, in stark
contrast with the B providers, for NB providers we observe large gaps and spikes at thresholds.
Similar figures are obtained if we plot subsamples of our dataset.
To estimate whether B providers treat on average longer or shorter than NB providers
we use ideas from regression discontinuity design (RDD).20 However, while RDD studies use
20 RDD

studies related to healthcare include Card et al. (2008, 2009) who study the discontinuity of healthcare
utilization around age 65 when US citizens become eligible for Medicare. Sojourner et al. (2015) use RDD to study

1.5 estimation method

Figure 1.4: Distribution of treatment duration for B and NB providers (all categories)

local linear smoothing around single thresholds to determine non linear responses, we have
reasonably large bunches and gaps of several thresholds that may be connected.21 Therefore,
we use a global estimation approach which allows us to estimate in one step the distribution
functions for both types of providers.
We fit the non linear regression Equation (1.5) for each mental disorder category i, and
provider type j (in what follows we omit i,j):
Y t = f (β) + ηt with ηt = Bt − Gt + et

(1.5)

where Yt , t = 3, 3.5, 4, ..., 39, 39.5 is the distribution function of treatment durations defined
in treatment duration classes of 50 minutes.22 Like Lee and Lemieux (2010) we assume that
all factors evolve “smoothly”. If there are no discontinuities (Gt = 0, Bt = 0) in the reimbursement schedule, f (β) would be a reasonable guess for explaining Yt . This assumption is
confirmed by estimates of f (β) for the distribution function of B providers.
In standard RDD applications, sudden shifts in the outcome variable result from an exogenous change. In this study we have the same. Bunches and gaps in treatment durations of
the NB providers are caused by exogenous changes in the fee structure, and not by medical
the effects of unionization of nursing homes. Shi (2013) finds evidence of income manipulation when studying
labor supply responses to income cutoffs of a subsidized health insurance program in Massachusetts. Einav et al.
(2013) study the response of drug expenditure to non linear contracts in Medicare part D. These studies are all
related to consumer responses. Our study is about provider responses and more related to Bajari et al. (2011) who
study hospital’s responses to discontinuities in linear reimbursement schedules. Their identification strategy is
much more complicated than in our paper because reimbursement schedules are only discontinuous in the first
derivative, and thresholds are not fixed but may differ across hospitals.
21 For example, combining several separate local linear estimation procedures to one distribution function may not
necessarily result in a smooth function.
22 Thus, Y represents all treatment durations in the 300 – 350 minutes time interval and Y
3
39.5 in the 3,950 – 4,000
minutes time interval. The size of the surface of all distributions is normalized to 1. Note that we performed our
analysis also for classes of 100 minutes time intervals. This yielded similar, but slightly less stable, results.
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Figure 1.5: Estimation of distribution function and bunches and gaps

outcome or other unobserved factors of individual patients. This implies that a conscious
prolongation of treatment duration by NB providers, introduces systematic deviations in Yt .
In Equation (1.5), ηt represents both systematic (Bt and Gt ) and random deviations (t ). We
distinguish systematic positive deviations or “bunches” after a threshold (Bt > 0) and systematic negative deviations or “gaps” before a threshold (Gt > 0). Lastly, t represents the
random error term in Equation (1.5).
To estimate the smooth function f (β) we constructed a class of smoothing functions that
are able to describe similar shapes as the B providers in Figure 1.4. A property of this function
is that it must increase at t = 300 minutes, has a top somewhere around t = 600 minutes, and
monotonically declines thereafter.23 Furthermore, the function must be flexible enough to
capture various shapes. Exponential function (1.6) satisfies these criteria:
f (β) = β1 + β2 t +

β3 β4
+
+ β5 e−β6 t
t
t

(1.6)

We have to estimate the six parameters βj , j= 1, ..., 6 in Equation (1.6). First, we substitute
Equation (1.6) in Equation (1.5). Then we estimate Equation (1.5). The size of the gap before
each threshold [k] ∈ {[8] , [18], [30]} should equal the size of the bunch after this threshold
(see Figure 1.5). This restriction reflects our theory in Section 1.3: bunching after a threshold
occurs through a shift of treatment durations from before to after a threshold.
To estimate β, we follow a weighted non linear least squares minimization problem with
four restrictions.
min

39.5
X

wt [Yt − f (β)]2 with restrictions :

t=3
23 Using

standard smoothing functions in econometric software programs do not work here because these functions
‘try to explain´ the bunches and gaps as well.

1.5 estimation method

10.5
X

[Y t −f (β)] = 0,

t=5

20.5
X

[Y t −f (β)] = 0,

t=11

32.5
X

[Y t −f (β)] = 0,

t=21

39.5
X

[Y t −f (β)] = 0

(1.7)

t=3

The first three restrictions correspond to the shift of treatment durations: B[k] −G[k] = 0,
for k = 8, 18, 30.24 We observed in the data that bunching occurs up to 300 minutes after a
threshold. Therefore we fixed possible bunching to the first 300 minutes after a threshold in
our restrictions.
To obtain smooth convergence of our non linear estimations, we added a fourth restriction:
the total sum of the errors is zero.25 Weights wt were also introduced.26 Our global estimation
strategy with restrictions is quite powerful compared to three separate local RDD estimations
at each individual threshold. The global approach allows us to connect the “bunches” and
“gaps” estimates at individual thresholds and convergence of our estimation procedure will
only occur if our assumption of equal gaps and bunches is supported by the data.
The minimization procedure in Equation (1.7) generates β̂1 , . . . , β̂6 . This allows us to
compute η̂t = Yt − f(β̂). Next, we can compute our estimates for the gaps and bunches.
In order to present the significance of our estimates for bunches and gaps we need an
estimate for our error term t in Equation (1.5). Because our computation does not allow us
to compute for each t, B̂t , Ĝt in Equation (1.5) separately, we cannot properly estimate the
B
random error term t . Therefore we assume ˆ t = η̂B
t where η̂t are the estimated errors of the

budgeted providers after estimating Equation (1.5). Thus, we assume the standard error of
the non budgeted providers sNB in Equation (1.5) equals the standard error of the budgeted
providers sB .27
s
sNB = sB =

X
2
1
η̂B
t
(74 − 6) t

(1.8)

We use a 68 degrees of freedom correction (see e.g. Verbeek (2014)), 74 minus 6 (parameters
β to estimate in Equation (1.8)). After obtaining these statistics we can derive additional
P
P10.5
P
P20.5
P29.5
P32.5
= − 7.5
ηt , G[18] = − 17.5
4.5 ηt , B[8] =
8
11 ηt , B[18] =
18 ηt , G[30] = −
21 ηt , B[30] =
30 ηt .
implies all systematic shifts are explained by the three previous restrictions, and that no treatments with
duration between 300 – 500 minutes are shifted to over 800 minutes threshold, and between 3,300 – 4,000 minutes
are shifted to over the 6,000 minutes threshold.
26 In most cases we used w = 1, however sometimes we experimented with somewhat higher weights to obtain
t
smooth convergence. We performed our optimizations with the numerical non linear global optimization function “NMinimize” of the software program Mathematica. To obtain convergence we sometimes had to alter the
minimization method in Mathematica (gradient based and direct search methods), weights and starting values.
27 We make the assumption that the random errors and corresponding standard deviations sB and sNB are of the
NB . Note that we calculate
same order of magnitude. If there are small systematic errors in η̂B
t we will overstate s
B
s from Yt distribution that has the same number of observations as the corresponding Yt distribution of the NB
providers.
24 G
[8]
25 This
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statistics such as an estimate of the average treatment duration, prolongation time as a result
of shifting treatments and associated costs.

1.6

estimation results

In this section we present our estimation results. We first show our results graphically in
Figure 1.6 for samples 1, 2 and 2a from Table 1.3: “total sample”, “depression” and the
subsample “depression with similar patient characteristics (GAF scores 41 – 70)”. Figure 1.6
contains for each sample three panels. The panels in the first column, 6a,6d,6g, show Yt and
the corresponding estimate f(β̂) of the B provider, from which we will derive an estimate
for our standard error. The estimates indicate that our exponential identification in Equation
(1.6) can fit f(β) to Yt very well. The middle panels in Figure 1.6, Panels 6b,6e, and 6h,
indicate the unintended effects. Bunches and gaps are present in all three samples. The

Figure 1.6: Panels 6a – 6c: Total sample, Panels 6d – 6f: Total sample depression, and Panels 6g – 6i:
Subsample depression, GAF scores 41 – 70

1.6 estimation results

size of bunches and gaps are remarkably stable across subsamples. Bunches and gaps are
largest (and significant) at the first two thresholds of 800 and 1,800 minutes and positive at
the threshold of 3,000 minutes in all cases.28 Differences in treatment duration between both
providers, after controlling for the bunches and gaps, can be seen in the three panels in the
third column of Figure 1.6, Panels 6c,6f, and 6i. For the total sample and depression sample
(Panels 6c and 6f) we observe large effects; on average NB providers treat patients much
shorter than B providers. However, this effect almost disappears in the case of patients with
similar characteristics (Panel 6i). To be able to compare B and NB providers, it is therefore
important to control for patient characteristics.
The estimation results of the three subsamples are summarized in Table 1.4. The first
column presents the bunches and gaps, or the unintended effects: the percentage of treatments
that are shifted over each of the three thresholds. In total between 11.5 and 12.9% of treatments
are shifted to over a next threshold.
The second column in Table 1.4 presents average treatment duration. The difference between f(β̂) and Yt for B providers is small, confirming the good fit and resulting in small
standard errors sB .29 For NB providers the average treatment duration corresponding to f(β̂)
is 19 – 24 minutes lower than Y t , indicating that the increase in average treatment duration
as a result of bunching is relatively small.30 Important is the large difference in average treatment duration between B and NB providers in the “Total sample”, 22.2%, and “Total sample
depression”, 24.2%, indicating that B providers treat on average more sick patients. After controlling for patient characteristics (“Subsample depression, GAF scores 41 – 70”) the difference
in treatment duration shrinks to 3.3%.
In the third column of Table 1.4 we present average treatment costs. The unintended
effects increase average costs per treatment by 152 to 163 euros, equivalent to 8.0 to 8.7%.
The efficiency effect for the “Total Sample Depression, GAF scores 41 – 70” yields that on
average treatments are 2.5% (or 50 euros) more expensive for B than NB providers. This effect
is however more than offset by the unintended effects; summing both effects yields that NB
providers treat on average patients 163 – 50 = 113 euros more expensive than B providers.31

28 The

effects are smaller around the 3,000 minutes threshold; there are fewer observations and it may be the case
that the marginal benefit to patients is closer to zero (i.e. “flat of the curve”).
29 For smaller subsamples the graph Y is less smooth increasing the size of the standard error sB .
t
30 The average prolongation of treatment duration for treatments that are shifted over to a next threshold is about
200 minutes.
31 We have tested the significance of the efficiency effect with the non parametric Kolmogorov Smirnov test. It rejects
the hypothesis of similar f(β̂) distribution functions for B and NB providers in the first two samples in Table 1.4.
However, it does not reject the hypothesis in the third sample. We therefore test various different subsamples in
Table 1.5.
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3.1**

3.6**

4.0**

7.6**

8.4**

8.3**

0.6*

0.5*

0.7**

12.9**

12.5**

11.5**

1,407
1,151
-22.2%
1,345
1,083
-24.2%
1,224
1,185
-3.3%

1,407
1,170

1,345
1,107

1,224
1,204

19

24

19

(2)
Average Treatment
Duration (minutes)
Yt
f(β̂)
Difference

2,043
2,149

2,226
2,008

2,279
2,053

2,036
1,986
-2.5%

2,214
1,847
-19.9%

2,266
1,901
-19.2%

163 (8.2%)

161 (8.7%)

152 (8.0%)

(3)
Average Treatment
Costs (€)
Yt
f(β̂)
Unintended
effect

Notes: The *,** in the table indicate significance levels of 0.05, respectively 0.01. Average treatment costs for B providers are calculated on the
premise that they are paid according to the reimbursement schedule for NB providers.

Total Sample (all specialties)
B Providers
NB Providers
Efficiency effect
Total Sample Depression
B Providers
NB Providers
Efficiency effect
Total Sample Depression (GAF scores 41 – 70)
B Providers
NB Providers
Efficiency effect

B̂[8]

(1)
Bunches and gaps (%)
Unintended effect
B̂[18]
B̂[30]
Total

Table 1.4: Estimation results for “Total Sample”, “Total Sample Depression” and “Total Sample Depression (GAF scores 41 – 70).
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1.6 estimation results
Table 1.5: Estimation results for subsamples 2a – 2d, 3a – 3d, 4a – 4d, 5a – 5d (see Table 1.3).

Type of Provider
Distribution

(1)
Bunches,
gaps (%)
NB
Yt

Depression
2a GAF: 41 – 70
12.9%
2b GAF: 41 – 50
14.1%
2c GAF: 51 – 60
13.1%
2d GAF: 61 – 70
11.8%
Anxiety disorders
3a GAF: 41 – 70
12.1%
3b GAF: 41 – 50
11.3%
3c GAF: 51 – 60
12.8%
3d GAF: 61 – 70
11.4%
Adjustment disorders
4a GAF: 41 – 70
10.6%
4b GAF: 41 – 50
10.6%
4c GAF: 51 – 60
10.8%
4d GAF: 61 – 70
9.5%
Personality disorders
5a GAF: 41 – 70
11.6%
5b GAF: 41 – 50
11.9%
5c GAF: 51 – 60
12.3%
5d GAF: 61 – 70
10.4%

(2)
Avg. treatment
duration (min.)
NB
NB
Yt
f(β̂)

(3)
“Efficiency”
effect (%)
(NB-B)/NB
Y t ,f(β̂)

(4)
Avg. treatment
costs (€)
NB
NB
Yt
f(β̂)

(5)
Unintended
effect (€)
NB
Y t , f(β̂)

(6)
“Efficiency”
effect (%)
(NB-B)/NB
Y t , f(β̂)

1,204
1,330
1,215
1,105

1,185
1,300
1,189
1,083

-3.3%
-2.3%
-4.0%
-3.9%

2,149
2,353
2,162
1,996

1,986
2,152
1,987
1,844

8.2%
9.4%
8.8%
8.2%

-2.5%
-2.4%
-3.5%
-3.2%

1,186
1,325
1,201
1,096

1,161
1,303
1,175
1,076

-7.9%
-7.1%
-8.4%
-7.0%

2,094
2,327
2,118
1,944

1,926
2,146
1,942
1,800

8.7%
8.4%
9.1%
8.0%

-7.5%
-6.9%
-8.0%
-6.6%

1,054
1,215
1,061
1,000

1,039
1,174
1,042
984

-2.2%
-2.8%
-4.5%
0.4%

1,761
2,010
1,771
1,682

1,645
1,839
1,646
1,572

7.1%
9.3%
7.6%
7.0%

-2.1%
-2.1%
-4.3%
0.3%

1,391
1,495
1,422
1,286

1,372
1,475
1,402
1,277

-5.5%
-5.2%
-5.3%
-5.2%

2,435
2,598
2,489
2,265

2,251
2,402
2,290
2,117

8.1%
8.2%
8.7%
7.0%

-5.1%
-5.2%
-5.3%
-4.4%

In addition to the three subsamples, we have also looked into other mental illnesses (see
Table 1.3 for the subsamples and the number of observations in each subsample). We performed the same estimations for these sixteen subsamples. The results are reported in Table
1.5. Columns (1) – (3) present the volume effects. Column (1) represents the size of the
unintended effects: the percentage treatments that are shifted to over a next threshold. Column (2) shows the average treatment duration for the actual distribution Yt , and estimated
distribution f(β̂), and column (3) shows the differences in treatment duration or the “efficiency” effect; the percentage change in treatment duration between NB and B providers.
Columns (4) – (6) show the same effects but now for fees. Column (4) shows the average fee of
a treatment for Yt and f(β̂). Column (5) presents the unintended cost effects; the percentage
difference between the two variables. Finally, column (6) represents the cost difference related
to the “efficiency” effect between NB and B providers.
The results in Table 1.5 confirm our previous findings. First of all, we observe that the
unintended effects (column (1)) are present in all subsamples. The effects are fairly stable
across all our subsamples and vary roughly between 11 – 13%, with some outliers.32 This
corresponds with a cost increase that varies between 7 – 9% (column (5)). The efficiency effect
in column (3) shows that B providers treat patients approximately 2 – 7% longer than NB
32 The

estimation results for the unintended effects are all significant on a 0.01 level.
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providers with corresponding cost increases of approximately 3 – 6% (column (6)).33 Thus, for
almost all cases we find that the marginal loss line d is situated somewhat below the line aj c
(see Figure 1.3 in Section 1.3). The unintended financial effects in column (5) are in all cases
larger than the “efficiency” effects (column (6)).
To conclude, the unintended effects appear very clear in the data and are very stable across
all subsamples. The “efficiency” effects are smaller and less certain because these effects are
estimated by comparing B and NB providers. A limitation of our measure for the “efficiency”
effects could be that there is still unobserved variation in the treatment and control group that
we do not capture adequately. For example, we may have overestimated the efficiency effects
if NB providers select more low severity patients (even for groups with similar GAF scores).34
Another possibility is that our “efficiency” effect captures not genuine efficiency but quality
differences in outcome between B and NB providers. In future research we may be able to
address some of these point if more information becomes available.

1.7

concluding remarks

We have evaluated the implementation of a new reimbursement schedule in Dutch mental
healthcare. The reimbursement schedule follows a discontinuous discrete step function: once
the provider has passed a treatment duration threshold the fee is flat until a next threshold
is reached. We find an “efficiency” effect: on the flat part of the fee schedule providers
prolong treatment only if marginal benefits to patients outweigh marginal costs. We estimate
a reduction in treatment duration by 2 to 7% and lower costs by 3 to 6% compared to a control
group. However, we also find “unintended” effects: providers treat patients longer to reach a
next threshold and obtain a higher fee. The data shows gaps and bunches in the distribution
function of treatment durations, just before and after a threshold. In total, about 11 to 13% of
treatments are shifted to over a next threshold, resulting in a cost increase of approximately 7
to 9%.
An important message of our study is that the unintended effects clearly demonstrate
that mental healthcare providers react to financial incentives. Since financial rewards are
high, one would expect that NB providers would anticipate ex ante on the thresholds in
the reimbursement schedule. Indeed, an article in a Dutch newspaper suggests that some
33 Only

for the subsample adjustment disorders GAF: 61 – 70 we find a 0.4 higher average treatment duration for NB
providers. The efficiency effects are not significant at a 0.05 level. However, we still conclude that efficiency effects
are present in our data because we repeated our estimations many times (see column (3)) and our data covers the
complete sample.
34 If this were the case then we would expect that selection effects are greater for less severe patients (groups with
high GAF scores). However, we do not observe that efficiency effects are stronger for those groups (see Table 1.5).
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providers have institutionalized the number of therapy sessions. A psychologist stated: “Our
institution has calculated that each patient should receive eight ór sixteen sessions. This would
be financially very attractive but not be seen as fraud” (Effting, 2015).
Monitoring providers’ behavior is therefore an important element for the system to function properly. In the Dutch system of regulated competition health insurers have the role to
discipline providers. However, until 2014 health insurers lacked information about the exact
treatment duration of healthcare providers. They received only global information on treatment duration of individual providers, i.e. they received only information between which
two treatment duration thresholds the provider performed the treatment, and not the exact
treatment time. Thus, insurers had no possibility to perform the same analysis as we carried
out in this paper. This is now gradually changing; since 2014 health insurers obtain exact
information about treatment durations and are also becoming more financially responsible
for mental healthcare cost containment.
We measure an “efficiency” effect. However, we cannot be certain that we measure genuine
efficiency since we cannot rule out the possibility that patients may also have received too
little care. Our efficiency arguments do hold if we assume aj = 1 in our utility function (1.1),
which is a fairly standard assumption (McGuire, 2000). In that case NB providers produce
cost efficient on the flat part of the reimbursement schedule which implies that bunching
corresponds to overtreatment. Efficiency differences between B and NB providers could also
be related to differences in practice styles or quality of treatments (see e.g. Chandra et al.
(2012)). To address these issues more properly quality information about treatments would be
necessary.
In 2014, the Dutch government decided to pay B providers also according to the new reimbursement schedule. Our findings suggest that this policy may lead to higher costs since the
higher costs associated with the unintended effects outweigh the lower costs of the efficiency
effect. However, an important difference is that B providers correspond to large mental health
institutions where doctors are still paid on a salary basis, so the unintended effect have to be
induced by the management. Furthermore, there are still many external dynamic demand and
supply factors that are difficult to assess. For example, B providers may put a lower weight
on profits (lower agency parameter aj in Equation (1.1) for B providers) than NB providers
because the latter category of providers is of a more entrepreneurial type. In sum, the unintended effects may therefore be lower for B providers than NB providers. Also, insurers may
be better equipped to monitor providers’ treatment duration and, in the longer run, quality.
Another important difference is that the Dutch government changed the flat reimbursement
fees to maximum fees. Thus, health insurers can bargain with providers lower reimbursement
fees (for example if providers’ performances turn out to be inadequate).
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Also the conclusion that the introduction of the new reimbursement schedule for NB
providers in 2008 led to higher costs is premature. Before 2008, NB providers received a
fixed fee for each visit. A fee for each visit is similar to the reimbursement schedule in our
study but now there are thresholds after each visit of sixty minutes. A fee for each visit is
closer to a fee-for-service type of payment and may also result in overtreatment. Unfortunately, we have no data for the period before 2008 available, making a comparison between
the two regimes not possible.
An important policy question is how an optimal reimbursement schedule for mental health
care providers should look like. The reimbursement schedule that we study in this paper is
interesting because it combines a prospective fee per episode of care with elements of feefor-service, to prevent selection incentives. The drawback is that the unintended effects are
quite large which may make the schedule less attractive than salary or even fee-for-service.
One possible way to proceed would be to improve the current reimbursement schedule. A
first option would be to diminish the unintended effects by changing the position of the
thresholds. Ideally, thresholds should be placed where the mass of the distribution function
f (β) is small. If the mass before a threshold is small, unintended effects will diminish because
there are only few treatments to shift over to a next threshold. Unfortunately, the threshold
of 800 minutes is placed just after the top of the distribution function (see Figure 1.4), thus
exacerbating the unintended effects. Moving the 800 minutes threshold to 500 minutes, just
before the top of the distribution function, would diminish the unintended effects. Thus by
taking into account provider behavior the reimbursement could be made much more attractive.
A second option to diminish the unintended effects would be to decrease (or even increase) the
number of thresholds. Here there is a trade off between efficiency, equity and selection. For
example, removing all thresholds would yield a single prospective fee for the total treatment.
This would remove all unintended effects thereby increasing efficiency. However, if patients’
characteristics across providers differ substantially, it could also result in a larger income
variation across providers thereby diminishing equity considerations across providers. As a
result providers might increase their incentives for selecting more favorable patients (McGuire,
2000). Adding more thresholds might also be an improvement since more thresholds will
diminish the financial incentives at each individual threshold. More research is necessary to
study these trade offs.
Another possible way is to change the nature of the payment system and to consider a
mixed payment system of a prospective fee and a linear reimbursement schedule, as advocated
by Ellis and McGuire (1986). The prospective fee reimburses the “non contractible” activities
that may vary across specialties while the linear reimbursement fee should be set less than
marginal (and average) costs. This type of fee schedule is likely to diminish the unintended

1.7 concluding remarks

effects as well. Lastly, quality should be integrated into tariffs and providers should ultimately
get paid taking into account the patient’s wellbeing as well. This is a long shot and much more
research is needed to integrate quality aspects into the payment system.
In this study we rely on providers that register their own DBCs. We assume that providers
register their treatment duration correctly and honestly in their administration. However,
literature indicates that fraudulent behavior may also occur in payment systems based on
DRGs in the US, or DBCs in the Netherlands. This fraudulent behavior is often referred to
as ‘upcoding’ (Steinbusch et al., 2007). The Dutch reimbursement system may be vulnerable
to this ‘upcoding’ because Dutch providers code DBCs themselves. They could tamper with
the data. Especially, in mental healthcare the risk for fraud may even be greater than for less
discretionary treatments, as hip or knee replacements. Third parties, such as health insurers,
also might find it particularly difficult to verify and dispute mental health diagnoses.
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D O A LT R U I S T I C M E N T A L H E A LT H C A R E
P R O V I D E R S H AV E B E T T E R T R E AT M E N T
OUTCOMES?

This chapter was written with Rudy Douven and Robin Zoutenbier. It is based on: Douven,
R., M. Remmerswaal, and R. Zoutenbier (2019), Do altruistic providers have better treatment
outcomes?, Journal of Human Resources 54(2), 310–341.
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abstract
We study heterogeneity in provider altruism between self-employed mental healthcare
providers in the Netherlands. Using a large administrative data set, we exploit the discontinuities in the compensation scheme to separate altruistically motivated providers from financially motivated providers. We find strong heterogeneity in provider altruism. Moreover,
we find that more altruistically motivated providers treat mental health patients for shorter
durations and report better treatment outcomes, as measured by the improvement in Global
Assessment of Functioning. These results suggest that provider altruism is positively related
to treatment outcomes.

2.1 introduction

2.1

introduction

The effectiveness of treatment in healthcare depends on many different factors that are often
difficult to observe in practice. This means that it can be hard for healthcare providers to determine the best possible treatment for a patient’s condition or the optimal length of treatment.
Treatment variation in healthcare may – therefore – reflect differences in decision-making by
different types of providers (Chandra et al., 2012).
Imperfect agent models describe two important motivations for providers (Ellis and
McGuire, 1986); providers care for the well-being of their patients and for the financial compensation they receive for their services. Chandra et al. (2012) use the term professionalism
or relative altruism to describe the extent to which providers are willing to substitute patient
well-being for economic interests. While some providers may be more patient oriented or
altruistic, other providers may be more financially motivated. Survey evidence by Campbell
et al. (2007) shows that most physicians rate the well-being of their patients as the more important of the two. However, when providers have to trade off patient well-being to economic
interests, some of these providers reveal that the financial earnings of providing services are
also an important factor. Understanding the differences in motivations between healthcare
providers and the effect of these differences on treatment outcomes can contribute to a better
understanding of variation in treatment.
In this paper we empirically study heterogeneity in relative altruism between healthcare
providers. We examine whether providers differ in the importance they attribute to the wellbeing of the patient in comparison to financial earnings and how these differences affect their
treatment outcomes. We study these questions using a large administrative data set covering
more than 1,600 self-employed mental healthcare providers in the Netherlands. Mental health
care is particularly interesting to study, because treatment variation and responses to financial
incentives are likely to be more pronounced in mental healthcare than in other healthcare
sectors (Frank and McGuire, 2000). Most studies disentangle different provider motivations
by performing laboratory experiments (some recent examples are Godager and Wiesen (2013)
and Kesternich et al. (2015)), using survey data (Cutler et al., 2015; Hanson and Jack, 2010;
Rizzo and Zeckhauser, 2003; Scott, 2001) or both (Brock and Leonard, 2016). The advantage
of our administrative data is that it allows us to follow a large number of providers in real
situations at work and not through a self-reported survey or an artificial environment such as
a laboratory. However, the use of administrative data require a good identification strategy to
isolate contemporary demand and supply factors (Dranove and Wehner, 1994).
We use a unique feature of the Dutch compensation scheme in mental healthcare to identify
relative altruism among self-employed providers. Provider compensation in mental health
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care follows a step (or staircase) function: providers receive a flat tariff that increases with
large discontinuous steps at different treatment duration thresholds. These large steps create
an opportunity for providers to increase their total compensation by strategically choosing
treatment duration. A simple imperfect agency model predicts that, with such a compensation
scheme, financially motivated providers are more likely to end a patient’s treatment episode
just after a duration threshold to obtain a higher tariff. However, altruistic providers are more
likely to disregard the discontinuities in the compensation scheme. As a result, the treatment
duration thresholds allow us to identify what importance each individual provider attaches
to patient benefit in comparison to earnings (relative altruism) and how this affects treatment
and outcomes.
We label providers as altruistic if they treat patients independently of the treatment duration thresholds. Altruistic providers do not receive any financial compensation when treating
beyond the thresholds, however, the patient might benefit from longer treatment. This approach fits well with Galizzi et al. (2015), who define altruism as “an act that benefits the patient at one’s own expense’. In contrast to altruistic providers, financially motivated providers
are influenced by the treatment duration thresholds, and therefore may not treat patients
optimally. In our model we cannot distinguish between conscious or unconscious altruism
(Okasha, 2013). Although all self-employed providers should be aware of the design of the
compensation scheme, some of them may be naive, inattentive or not aware of financial considerations. These providers are considered as unconscious altruistic since their treatments
are not influenced by the thresholds.
Our main results are as follows. We find large variation between providers in relative
altruism. The majority of providers is, at least to some degree, financially motivated and
strategically sets treatment duration so as to increase their total compensation. A smaller
group of providers is not sensitive to the discontinuities in the compensation scheme: these
providers show no strategic behavior and are more likely to rely on altruistic motives when
determining treatment duration. In addition, altruistically motivated providers report better
treatment outcomes, as measured by the improvement in Global Assessment of Functioning,
than more financially motivated providers. Because altruistic providers also treat patients
shorter, our findings suggest that provider altruism is positively correlated with better treatment outcomes. As far as we know, ours is the first study that finds a positive relationship
between the degree of altruism and better treatment outcomes.
Our work is related to the growing empirical literature that studies how differences in
provider decision-making and motivations lead to variation in treatment. For example, treatment variation has been explained by differences in physician practice styles (Chandra and
Staiger, 2016; Currie et al., 2017; Currie and MacLeod, 2017; Abaluck et al., 2016), the knowl-
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edge of doctors (Leonard and Masatu, 2010), physician payment (Hennig-Schmidt et al., 2011;
Clemens and Gottlieb, 2014; Douven, Mocking and Mosca, 2015), prosocial behavior (Brock
and Leonard, 2016), and provider professionalism (see Galizzi et al. (2015) for an overview).
Another related strand of literature is the work on intrinsic motivation. An important topic of
discussion in this literature is to what extent financial incentives are necessary for efficiency
and whether these incentives undermine agents’ intrinsic motivations, especially when intrinsic motivation is high as is the case for health professionals (Rebitzer and Taylor, 2011).
Closely related to this paper is Douven, Remmerswaal and Mosca (2015) who use the
same data set to show that providers who were paid according to the discontinuous payment
scheme treated patients differently than providers who were paid according to fixed budgets.
This paper differs from Douven, Remmerswaal and Mosca (2015) in a number of ways. First,
we consider heterogeneity in providers’ response to the discontinuous compensation scheme.
We use a unique identification strategy to disentangle the different types of providers. Secondly, we use an outcome measure to investigate whether different providers also report
different patient outcomes.
We continue as follows. In the next section we provide a short overview of the Dutch
mental healthcare system. We show our theoretical framework and our most important predictions in Section 2.3. The data are explained in Section 2.4 and our empirical strategy in
Section 2.5. Next, Section 2.6 gives the results of the empirical analysis and Section 2.7 the
results of the robustness analyses. Finally, Section 2.8 concludes.

2.2

the mental healthcare system

The Dutch mental healthcare sector is split into primary care, curative secondary care, and
long-term secondary care. Primary mental healthcare covers the most basic care, usually
mild issues such as mild depressions or temporary mental difficulties. Curative secondary
mental healthcare compromises more severe or lasting mental health problems (for example,
depression, anxiety disorders, or schizophrenia) for which patients are treated up to a year.
Long-term secondary care covers inpatient care for the most severe patients that are treated
more than a year. This paper covers curative secondary care only. Curative secondary care is
the largest segment of mental healthcare, covering more than one million patients a year and
accounting for almost four billion euros in annual costs (Dutch Healthcare Authority, 2013).
Patients need a referral from their general practitioner to have access to curative secondary
care. After receiving the referral, the patient is free to choose any mental healthcare provider.
However, in practice most patients tend to follow the advice of their general practitioner. The
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out-of-pocket costs for the use of mental healthcare were limited during the years of our study.
The annual deductible was 150 euros in 2008, 155 euros in 2009, and 165 euros in 2010 for all
curative health services (including mental health services and excluding general practitioner
care and obstetrics). As of 2008, the mental healthcare sector in the Netherlands is part of
the health insurance scheme under regulated competition. This means that health insurers
contract mental health services from the providers for their insured. However, during the
period we study, insurers did not have an incentive to control costs because they did not incur
financial risks on the provision of mental healthcare. Insurers were fully compensated by the
government for losses on mental healthcare expenditures through ex post payment schemes.
Mental health services are mostly provided by large regional institutions, such as a regional facility for ambulatory care or a specialized psychiatric hospital. These institutions
were compensated with fixed budgets, and employees received a fixed salary. Next to the
large institutions there are also a lot of self-employed specialists who work in smaller private
practices. A private practice consists of a single specialist or a few cooperating self-employed
specialists. These self-employed specialists cover about 10% of the curative market. In contrast to the large institutions, these self-employed providers were compensated according to a
compensation scheme that follows a step function.
This step function for self-employed providers is of prime interest for our study. Selfemployed providers are paid for each treatment episode (DBC) they complete. A DBC is a
combination of a specific diagnosis and a specific treatment for the diagnosis.1 For example,
a treatment episode may consist of an intake and accompanying therapy provided in several
therapy visits during a year. A DBC is closed after a treatment is completed or when one
year has passed since the start of the DBC (then a new DBC may be started for the next
year). The tariff of a DBC is determined by the Dutch Healthcare Authority and is meant to
cover average estimated labor and capital costs for a treatment. The tariff is the same for all
healthcare providers.
The tariff structure of the step function starts at 200 minutes and increases at the thresholds 800, 1,800, 3,000, 6,000, 12,000, and 18,000 minutes. The tariffs are flat in between the
thresholds. Tariff increments at each step are large. For example, a treatment for mood disorder is rewarded with 956 euros (2010 prices) when treatment duration is between 200 and 800
minutes and with 1,946 euros when a treatment episode lasts between 800 and 1,800 minutes.2

1

2

The DBC is similar to a Diagnostic-Related Group (DRG) that is used in many other countries. See Westerdijk et al.
(2012) for an extensive discussion on DBCs.
Financial rewards are even higher for other thresholds, with a tariff of 3,593 euros for a treatment duration between
1,800 and 3,000 minutes, 6,115 euros for a duration between 3,000 and 6,000 minutes, 11,372 euros for a duration
between 6,000 and 12,000 minutes of treatment, and 21,483 euros for a treatment between 12,000 and 18,000
minutes.
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The threshold durations are the same for all mental health diagnoses but threshold tariffs may
differ slightly across diagnoses.
The motivation behind the step function is a mixed payment system with fee-for-service
and capitation. Paying providers only on the basis of fee-for-service, such as a payment
per minutes of therapy, has the disadvantage of providing too much care at the margin. A
capitation fee, such as a fixed fee for each DBC, has the disadvantage that the fee is too high
for short therapies and too low for long therapies. The step function contains no marginal
financial incentives at the flat part of the payment schedule and accounts better for long
and short therapies. However, it has the disadvantage that it may incentivize (financially
motivated) providers to design treatment therapies that result in treatment durations that end
just after a treatment duration threshold.
Providers have to follow strict guidelines when recording a treatment episode or DBC. The
recorded time may consist of direct face-to-face time with the patient (both individual and in
a group), indirect time (such as administration or consulting colleagues), daytime activities,
or an entire day of in-house guidance. Total treatment duration is determined by summing
weighted treatment time in the various categories: the number of minutes spent on therapy
(both direct and indirect time), 15 minutes of time for each hour spend on daytime activities,
and 60 minutes for each whole day that the patient receives in-house guidance (without staying overnight). If a patient suffers from multiple mental illnesses, then the provider will have
to record each illness as a separate DBC. Moreover, it is mandatory for providers to record
diagnostic and patient information at the start and end of each DBC.3
Providers have to send this information to the regulator, the Dutch Healthcare Authority,
and to the patients’ health insurer. For privacy reasons, health insurers receive less information than the regulator.4 The regulator can use the information to audit providers, in case
of irregularities. Health insurers use the information to check whether the treatment was legitimate, to reimburse the provider and to calculate the patients’ charges to the deductible.
In general, it is difficult for the regulator or health insurer to detect whether the actual treatment duration provided by the provider exactly equals the treatment duration recorded in the
DBC. Thus, administrative fraud or misreporting may have taken place, although it is unclear
how this would affect our study.5 However, providers who report nonexisting treatments or
3

4

5

Registration guidelines can be found on the internet: “Spelregels DBC registratie GGZ” (in Dutch).
https://werkenmetdbcs.nza.nl/documenten-ggz/overzicht-releases-1/pakketten-archief-1/dbc-pakket-20111/informatieproducten-23/2671-spelregels-ggz-v20101221/file (accessed September 10, 2018).
During the period studied in this paper, insurers did not receive information about the exact minutes of treatment
duration or outcome scores. They only received the tariff that is declared by the provider. Hence, insurers were
not able to analyze the exact responses of providers to the compensation scheme. As of 2014 insurers do get
information on the exact treatment duration.
If fraudulent or misreporting providers record treatment durations that end just after a threshold, then we classify
these providers as financially motivated providers. However, these providers may also have recorded other treat-
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unusual high treatment duration patterns run the risk of being detected by health insurers,
by the healthcare inspection during audits, or by complaining patients, for example, because
patients have higher out-of-pocket payments.

2.3

theoretical framework

We formulate a simple imperfect agency model to study how providers’ altruism and financial
motivation affect their choice of treatment duration. Our theoretical framework builds on the
agency model introduced by Ellis and McGuire (1986) and further extensions of this model by,
for example, Chandra et al. (2012), Cutler et al. (2015), and Douven, Remmerswaal and Mosca
(2015). In our model, a provider j decides on a treatment episode for a patient. A treatment
episode i is a complete therapy for a patient and may consist of an intake, various therapy
visits and other activities (see also Section 2.2). We denote xi as the total treatment duration
of the treatment episode. The provider’s utility depends on two components: the benefit to
the patient B and financial and organizational considerations denoted by Π. The utility for
provider j when treating patient i is given by:
Uij = φj Bj (xi , θi ) + Π(xi ).

(2.1)

The patient’s benefit from treatment is given by Bj (xi , θi ), where θi represents the severity of a patient’s condition, and xi represents the duration of treatment. Following McGuire
0

00

(2000), we assume that Bj (0) > 0 and Bj (x) < 0. That is, the marginal benefit from treatment
is positive for short treatments, and the marginal benefit decreases over the duration of treatment.6 The benefit of treatment may differ between providers who have different opinions
about a clinical treatment, differ in their skill level, subjective assessment of the benefits, or in
the degree of education or training (Chandra et al., 2012; Cutler et al., 2015).
We additionally assume that providers differ in their relative altruism, denoted by φj > 0.
A provider’s relative altruism is equal to the marginal rate of substitution between patient benefit and physician financial rewards, given by −∂Π(xi )/∂Bj (xi ) = φj . That is, the provider’s
relative altruism indicates how the provider trades off patient benefits and financial rewards.

6

ment duration patterns, and we may classify them as altruistic. We studied all providers in our sample and found
always some variation in their treatment duration patterns.
0
We allow for Bj (x) < 0, that is, longer treatments may result in zero or negative benefits to the patient. The
marginal patient benefit may be negative because of time costs for the patient, inconvenience of visiting a specialist
or other costs of medical care as experienced by the patient. Owen et al. (2016) provide some evidence for the
00
assumption Bj (x) < 0 in mental healthcare.

2.3 theoretical framework

Providers with low φj ’s are more financially motivated, while providers with high φj ’s are
more altruistically motivated.
The net benefit of the provider can be modeled as Π(xi ) = π(xi ) − cxi − dx2i − F, where
π(xi ) is the financial compensation and cxi + dx2i + F, with c, d, F > 0, are costs. cxi + dx2i
could reflect labour and time costs for treating a patient, loss in provider utility if providers
deviate too much from medical guidelines (Cutler et al., 2015), or costs that result from having
less time to treat other patients (Sinaiko and McGuire, 2006). Finally, F resembles fixed costs
such as costs for taking in a new patient. The compensation π(xi ) depends on the duration
of treatment. The providers that we study are compensated according to a step function (as
explained in the previous section):
π(xi ) = πl for kl 6 xi < kl+1 .

(2.2)

Figure 2.1 illustrates the step function for the payment scheme. Treating a patient for x minutes, where kl 6 x < kl+1 , results in a compensation of πl . Increasing the duration to x > kl+1
(but lower than kl+2 ) increases the compensation to πl+1 > πl .
Lemma. Financially motivated providers (low φj ) are more likely, for a given set of patients
{θi |i ∈ I}, to end treatment immediately after a tariff threshold, or closer to the preceding tariff
threshold, than altruistically motivated providers (high φj ).
Proof. First, we consider providers that are only financially motivated, φj = 0. In that
situation, at any point on the flat part of the compensation scheme the marginal financial
compensation is zero, while the marginal costs in Π(x) are positive. Thus, provider utility
Uij is maximized at one of the discontinuities or tariff thresholds kl∈L in the compensation
scheme. Which of these thresholds is optimal depends on patient and provider characteristics,
such as the size of the fixed costs F and parameters c and d. For example, the quadratic cost
term dx2i prevents providers from treating patients infinitely. For d large enough most patients
will be treated at one of the lower tariff thresholds kl∈L . Second, consider very altruistic
providers (very high φj ). These providers will optimize the patient benefit Bj (xi ), which
results in an optimal treatment duration x∗ , with B 0 (x∗ ) = 0. It is important to note that x∗
is independent of the thresholds kl∈L and may reflect any treatment duration. Next, consider
smaller values of φj . Suppose that optimal provider utility results in a treatment duration on
the flat part of the compensation scheme between two tariff thresholds, kl < x∗ < kl+1 . In this
case optimal treatment duration is determined by φj B 0 (x∗ ) = c + dx∗ .7 Now consider slightly
00

lower values of φj for which still holds that kl < x∗ < kl+1 . Since Bj (x) < 0, optimal treatment
7

Note that because π(x) changes in discontinuous steps, it has no derivative at the points x = kl∈L and a derivative
of zero between these points.
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π(x)
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kl+1

kl+2
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x

Figure 2.1: The compensation scheme follows a step function. The treatment duration thresholds
k are the same for all diagnoses, with k1 = 200, k2 = 800, k3 = 1, 800, k4 = 3, 000,
k5 = 6, 000, k6 = 12, 000 minutes etc. For example, the tariff for the diagnosis schizophrenia
with treatment duration x is π(x) = 913 euros (2010 prices) for 200 < x < 800 minutes,
π(x) = 1, 982 euros for 800 6 x < 1, 800 minutes, π(x) = 3, 647 euros for 1, 800 6 x < 3, 000
minutes, π(x) = 5, 995 euros for 3, 000 6 x < 6, 000 minutes, π(x) = 11, 079 euros for
6, 000 6 x < 12, 000 minutes, π(x) = 20, 420 euros for 12, 000 6 x < 18, 000 minutes. The
tariffs may differ slightly across diagnoses.

duration moves into the direction of kl . Thus, optimal treatment duration for slightly more
financially motivated providers is closer to kl . Now consider much lower values for φj . In
that case we approach the case φj = 0, and the optimal treatment duration x∗ may jump to
one of the thresholds kl∈L . It may jump to the next threshold, x∗ = kl+1 if:
φj (B(kl+1 ) − B(x∗ )) + ((πl+1 − πl ) − c(kl+1 − x∗ ) − d(k2l+1 − x∗ 2 )) > 0

(2.3)

This jump occurs if a provider is situated at the flat part of the patient benefit curve – B(kl+1 )
is close or equal to B(x∗ ) – and earns a positive net financial benefit from treating patients;
that is, π(x) > cx + dx2 . This jump does not occur if d and the distance to the threshold,
kl+1 − x∗ , is large enough such that the second term in Equation (2.3) becomes negative. This
could reflect a case where jumping is too costly because providers deviate too much from
medical guidelines.

2.4 data and descriptive statistics

To summarize, financially motivated providers will more often than altruistic providers
end their treatment immediately after a tariff threshold or closer to the preceding tariff threshold than altruistic providers.8

2.4

data and descriptive statistics

We use a large proprietary administrative data set from the Dutch Healthcare Authority to
study relative altruism among providers. The data is recorded by providers and covers secondary mental healthcare treatment episodes that took place in the Netherlands between 2008
and 2010.
We restrict our sample in a number of ways. We exclude treatment episodes where
providers were not paid according to the step function, making it impossible to determine
a provider’s relative altruism.9 We exclude nine observations at the right tail of the treatment
duration distribution.10 To obtain a reliable measure for a provider’s relative altruism we exclude all self-employed providers for whom we observe less than five treatment episodes per
year.11 This results in a sample of 1,614 self-employed providers covering 208,117 treatment
episodes.
Table 2.1 reports some descriptive statistics of the sample. Providers record the exact
number of minutes spent in a treatment episode or DBC. The average treatment duration of
all DBC’s in our sample is 1,141 minutes. In general, variation in treatment duration will be
related to the diagnosis and the severity of the patient. In mental healthcare there exist medical
guidelines that differ between mental health diagnoses. However, medical guidelines do not
prescribe an optimal length of a treatment episode, only the advised methods of treatment.
Panels A and B in Figure 2.2 show the distribution of treatment duration in the sample. Panel
A shows treatment episodes with a duration up to 4,000 minutes and Panel B from 4,000 until
18,000 minutes. Note the much smaller scale of the y-axis in Panel B. The majority of the
patients are treated less than 4,000 minutes, so we report all figures up to 4,000 minutes in
the remainder of the paper. It is remarkable that most patients have a treatment duration in
the bin 800 – 850 minutes, just after a treatment duration threshold. Moreover, there is a clear
gap before the 800 – 850 bin. A similar pattern of gaps and bunches is visible at the other
8

At the thresholds earnings per minute are maximized. For example earnings per minute are 4.8 euros (k1 =200
minutes), 2.4 euros (k2 =800 minutes), 2.0 euros (k3 =1,800 minutes and 2.0 euros (k4 =3,000 minutes), etc.
9 These treatment episodes were classified either as ’emergency treatment’ or ’short treatments’ and accounted for
about 134,000 observations.
10 These nine observations had treatment durations much larger than 18,000 minutes and could reflect administrative
errors as well.
11 Our results are not sensitive to this cut-off point. In the robustness section we show that the results are similar if
we use other cut-off points such as ten or more treatments episodes per year
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Table 2.1: Descriptive statistics

Treatment duration (in minutes)
GAF before treatment
GAF after treatment
∆GAF
Treatments per provider-year
Patient’s age (in years)
Patient’s gender (frac. female)
Main diagnosis (frac.)
Mood
Anxiety
Personality
Adjustment
Early childhood
Other childhood
Other
Reason for ending treatment (frac.)
Administrative reasons
Treatment completed
Treatment ended by patient
Case related reason
Treatment year (frac.)
2008
2009
2010
Treatments by provider type (frac.)
Psychologist
Psychiatrist

Mean

Min.

Max.

1,141
(943)
6.18
(0.90)
7.14
(1.09)
0.95
(0.95)
52.1
(63.0)
39.0
(15.4)
0.61

200

17,610

1

10

1

10

-7

8

5

1,019

1

104

0

1

0.26
0.14
0.12
0.12
0.09
0.05
0.21

0
0
0
0
0
0
0

1
1
1
1
1
1
1

0.49
0.40
0.07
0.04

0
0
0
0

1
1
1
1

0.30
0.34
0.35

0
0
0

1
1
1

0.68
0.32

0
0

1
1

Notes: Standard deviations are given in parentheses. There are
1,614 providers in the sample covering 208,117 different treatments.
GAF is the General Assessment of Functioning.

thresholds of 1,800, 3,000, 6,000 and 12,000 minutes. This suggests that the duration of some
treatments is set strategically by providers so as to increase total compensation.12 The mass of
treatment duration attenuates over time suggesting that considerable costs, such as deviating
too much from medical guidelines, are associated with long treatment durations.
Another key variable of interest is the outcome of a treatment. We approximate the health
outcome using the widely applied Global Assessment of Functioning (GAF). The GAF is a
subjective assessment by the provider regarding the mental well-being of the patient and the
patient’s functioning in daily life. The GAF is measured on a ten-point scale ranging from
12 Note

that there are strong similarities with the bunching literature as discussed by Kleven (2016). Our paper
differs from that literature in two ways: our utility function is more complex because it includes the benefit to the
patient and we have more observations per provider since providers treat many patients during a year.

2.4 data and descriptive statistics

“[1] Persistent danger of severely hurting self or others (e.g., recurrent violence), persistent
inability to maintain minimal personal hygiene or serious suicidal act with clear expectation
of death.” to “[10] Superior functioning in a wide range of activities, life’s problems never
seem to get out of hand, is sought out by others because of his or her many positive qualities.
No symptoms.” (American Psychiatric Association, 2000).13
A provider rates each patient’s GAF twice: once at the start of a treatment episode (simultaneous to determining the diagnosis for the treatment) and once after treatment has ended.
Reporting the GAF for every patient is mandatory. The average GAF in our sample at the
start of a treatment episode is 6.18 on a scale to ten.14 The average GAF of patients improves
by 0.98 point to 7.14 at the end of treatment. There is some variation, but almost 99% of all
treatment episodes have a GAF change between minus one and plus four. Figure 2.3 plots
the average GAF change conditional on treatment duration. The general pattern in the figure
is that the average GAF change is larger for shorter treatment durations. Remarkable is the
small dip in average GAF change for treatment episodes in the 800 – 850 minutes bin where
most patients are treated. The average GAF change for those treatment episodes is about 0.1
point smaller compared to shorter treatments, with a duration between 500 and 800 minutes,
and also somewhat smaller than longer treatments, with a duration between 900 and 1,200
minutes. A similar, although somewhat smaller, dip in the average GAF change is visible
for the 1,800 – 1,850 minutes bin, just after the 1,800 minutes threshold.15 These small dips
suggest that providers that end their treatment just after a treatment duration threshold, that
is, more financially motivated providers, on average have smaller improvements in their GAF
scores.
Table 2.1 also shows some other treatment characteristics. Almost 75% of all treatment
episodes cover one of the five main diagnoses: mood, anxiety, personality, adjustment, or
early childhood disorders. Mental healthcare providers also record the reason for ending
a treatment. About 49% of treatment episodes are closed for administrative reasons. This
implies that the treatment has lasted for a year and a new DBC is started in the next year.
Next, 40% of treatment episodes are closed after treatment is completed and 7% of treatments
are ended by the patient.16

13 The

GAF ranges from 1 to 100, but is measured in ten categories of ten GAF points (e.g., 1 – 10, 11 – 20, ... , 91 –
100).
14 Figure 2.6 in Appendix 2.A.1 shows the average start GAF score for treatment durations up to 4,000 minutes.
The figure shows that on average more severe patients, namely patients with higher start GAF scores, are treated
longer. The figure shows no irregular pattern around treatment duration thresholds.
15 The average GAF change for the 1,800 – 1,850 minutes bin is smaller than for almost all adjacent bins. Only the
average GAF change for the 1,750 – 1,800 minutes bin is somewhat smaller but this average is based on much less
observations.
16 Treatment episodes are denoted as ’ended by the patient’ when a patient moves to another location, does not show
up, or when a patient passes away. For these patients we find also gaps and bunches around the thresholds, so we
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Figure 2.2: Distribution of treatment duration. The distributions are reported in bins of 50 minutes.
Vertical dashed lines represent the thresholds in the compensation scheme. Please note
that the scale of the y-axis in Panel A is about 130 times larger than the scale of the y-axis
in Panel B.

Finally, 4% of treatment episodes are ended by the provider because of other case related
reasons (such as a referral to another specialist). The number of treatments provided by
decided to include them in our analysis. In the robustness analysis we show that our results do not change after
leaving these patients out of the sample.
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average GAF change
.8
.9

1
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2.5 empirical strategy
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Figure 2.3: Average ∆GAF by treatment duration. The distribution is reported in bins of 50 minutes.
Vertical dashed lines represent the treatment duration thresholds in the tariff structure.

self-employed providers increases over the years. Table 2.1 also shows some provider characteristics. There are two types of providers in our sample: psychologists and psychiatrists. An
important difference between these specialists is that a psychiatrist has a medical degree and
is legally allowed to prescribe medicine. Roughly 68% of all treatment episodes are provided
by psychologists and 32% by psychiatrists. Finally, providers perform, on average, 52 treatments per year. There are some larger providers in the data, but for 90% of all providers there
are 100 observations or less each year. In the last row of Table 2.1, we show that about 61% of
the patients is female and that the average age is 39 years.17

2.5

empirical strategy

First, we construct a measure for each provider’s relative altruism, denoted by φj in Equation
(2.1). Following our theoretical framework, we classify providers who end treatment episodes
immediately after passing a tariff threshold as financially motivated providers while we classify providers who continue treatment after passing a tariff threshold as altruistic. To do so,
we construct for each treatment episode i by provider j at year t the distance between ob17 Figures

2.7 and 2.8 in Appendix 2.A.1 show how these patient characteristics are related to treatment duration.
Figure 2.7 shows no irregular patterns around the treatment duration thresholds with respect to the average age
of the patient. For the average percentage of females we observe in Figure 2.8 small gaps just after the treatment
duration thresholds. To test whether these gaps influence our results, we estimate the regressions for men and
women separately in the robustness section.
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served treatment duration kl 6 xijt < kl+1 and the subsequent tariff threshold kl+1 . Because
the intervals between the different thresholds differ in length, we normalize this distance to
a value between zero and one.18 The normalized difference between treatment duration and
the subsequent tariff threshold is given by:
distanceijt =

kl+1 − xijt
∈ [0, 1].
kl+1 − kl

(2.4)

This implies that a treatment that is ended immediately after the tariff threshold kl gets a
normalized distance score of one – the provider is strongly financially motivated – while a
treatment ended just before the subsequent threshold kl+1 gets a normalized difference score
of zero – the provider is very altruistic. We translate this distance per treatment to an overall
measure for the provider’s relative altruism by calculating one minus the average squared
distance over all treatments i by the provider:
PNjt
φjt = 1 −

1

distance2ijt
Njt

∈ [0, 1].

(2.5)

Where Njt is the total number of treatment episodes of provider j in year t. We square the
difference between treatment duration and the subsequent tariff threshold to take into account
that especially providers who end treatment immediately after passing the (preceding) threshold are very sensitive to the financial incentive. The longer a provider continues treatment
after passing the tariff threshold the more a provider will be classified as altruistic.19 The
quadratic term attaches less weight to treatment durations that are further away from a tariff
threshold since, for these treatment episodes, relative altruism is more difficult to measure.
For these treatment episodes other factors than financial factors, such as patient characteristics, are likely to play an important role in the determination of treatment duration. Finally,
we determine a provider’s altruism by one minus the average squared difference to ensure
that extremely altruistic providers get a score of φjt = 1 and extremely financially motivated
providers get a score of φjt = 0
Another goal of our paper is to test whether there is a relationship between the degree of
relative altruism and treatment outcomes, as measured by the improvement or deterioration
in a patient’s GAF. We start with an ordered probit regression to estimate this effect, as the

18 The

intervals between the different tariff thresholds are [200, 799], [800, 1, 799], [1, 800, 2, 999], [3, 000, 5, 999],
[6, 000, 11, 999], and [12, 000, 17, 999].
19 Since we attach more weight to observations that are closer to the threshold our identification strategy has some
similarities with a one-sided regression discontinuity design. In the results section, we additionally report our
results when φjt is measured using the distance to the tariff threshold linearly or with higher order polynomials
instead of the squared distance.

2.6 results

GAF change is measured on an ordered categorical scale. Next, we estimate OLS models that
relate the change in GAF score, ∆GAFijt , to the estimated degree of provider altruism φ̂:
∆GAFijt = γφ̂jt + y0it β + z0jt δ + εijt .

(2.6)

The effect of the degree of relative altruism on the change in GAF score is denoted by γ. We
control for a number of treatment characteristics and provider characteristics denoted by yi
and zj respectively. In the probit model, a higher score on the latent GAF change translates
to a higher probability of being in a higher ∆GAF category. The observed ∆GAF can take any
integer value between -9 and 9 (because the start GAF and end GAF range between 1 and 10).
The latent GAF change is translated to the actual GAF change using the estimated ordered
category thresholds, denoted by τm .
Providers with larger GAF improvements, for a similar group of patients, are not necessarily better quality providers because they may have treated patients longer. Therefore, we
also need to know how a provider’s relative altruism is correlated with average treatment
duration. It is important to note here that we constructed provider altruism as a function of
the compensation scheme. Changing the compensation scheme, for example by changing the
thresholds or the size of the steps may have a large impact on this correlation. Therefore, we
cannot measure a causal relationship between provider altruism and treatment duration, but
we can measure whether altruistic providers treat patients longer or shorter conditional on
the compensation scheme. We measure this correlation by relating the observed treatment
duration, xijt for patient i performed by provider j at time t, to our measure for relative altruism, denoted by φjt . We control for treatment and other characteristics. The difference in
treatment duration between financially motivated and altruistic providers is denoted by ψ, so
we estimate:

xijt =

2.6

φ̂jt + y0it β + z0jt δ + ijt .

(2.7)

results

We have estimated the degree of relative altruism φ for each provider in three different years.
Figure 2.4 shows the distributions of relative altruism. The measure of relative altruism ranges
from zero (very financially motivated) to one (very altruistic). We find a lot of variation
between providers in the degree of relative altruism. The annual distributions are slightly
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centered to the right, with a median value of 0.569, 0.568 and 0.562 for the years 2008-2010. The
distribution of the providers’ relative altruism seems very stable over the years. The average
change in provider’s relative altruism over the years is 0.004, with a standard deviation of 0.09.
The left tail is somewhat larger than the right tail, which suggests that there is considerable
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Figure 2.4: Distribution of providers’ relative altruism. A degree of relative altruism of one implies
that a provider ends all treatments right before the start of a higher tariff, while a degree
of relative altruism of zero implies that a provider always ends treatment just after passing
a tariff threshold.

We use the degree of relative altruism to split the providers into four quartiles. Figure
2.5 shows how the distribution of treatment duration differs between providers with different
degrees of relative altruism. The first quartile (Panel A) shows the treatment episodes that
have been performed by the least altruistic (or most financially motivated) providers. This
distribution shows clear gaps and bunches before and after the tariff thresholds, respectively.
The second and third quartile (Panels B and C) still show some gaps and bunches, although
much smaller. The fourth quartile (Panel D), containing treatments by the most altruistic
providers, shows no gaps and bunches in the distribution. These four panels suggest that our
identification strategy has been successful.
We compare the providers in each quartile on several treatment and provider characteristics. The descriptive statistics are reported in Table 2.2. The last column reports the p-value of
the F-test for significant differences between the four groups. The average degree of relative
altruism for the providers in the first quartile is considerably lower than for the second to
fourth quartiles, which suggests that there are some strongly financially motivated providers

2.6 results
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Figure 2.5: Distributions of treatment duration by quartiles of providers’ relative altruism

in the first quartile. We find no significant difference in reported GAF before the start of a
treatment episode, indicating that the average severity of patients’ mental health problems is
similar for each quartile. There are, however, some significant differences in the reported GAF
after completing treatment. Financially motivated providers in the first quartile report significantly lower GAF changes as compared to providers in the other quartiles. We also observe
that treatment duration is longer for financially motivated providers. This suggests that the
reported smaller GAF improvements of the financially motivated providers are not the result
of shorter treatment durations.
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Table 2.2: Descriptive statistics by quartile of the distribution of providers’ relative altruism
Quartile:
Relative altruism
GAF before treatment
GAF after treatment
Treatment duration
Treatments per provider-year
Compensation per hour
Patient’s gender (frac. female)
Patient’s age (in years)
Main diagnosis (frac.)
Mood
Anxiety
Personality
Adjustment
Early childhood
Other childhood
Other
Reason for ending treatment (frac.)
Administrative reasons
Treatment completed
Treatment ended by patient
Case related reason
Treatments by provider type (frac.)
Psychologist
Psychiatrist
Treatment year (frac.)
2008
2009
2010

1st

2nd

3rd

4th

p-value
(F-test)

0.40
(0.08)
6.14
(0.95)
6.98
(1.17)
1,249
(1,170)
54.5
(67.4)
131.7
(74.6)
0.60
(0.49)
38.1
(16.1)

0.53
(0.02)
6.19
(0.93)
7.16
(1.10)
1,135
(899)
57.9
(62.5)
119.7
(29.4)
0.61
(0.49)
39.2
(15.3)

0.60
(0.02)
6.22
(0.85)
7.20
(1.03)
1,120
(876)
52.8
(55.9)
114.8
(38.1)
0.60
(0.49)
39.2
(15.3)

0.67
(0.04)
6.19
(0.86)
7.21
(1.04)
1,063
(775)
45.1
(64.9)
110.0
(29.1)
0.63
(0.48)
39.6
(15.1)

0.00

0.27
0.14
0.13
0.10
0.12
0.04
0.20

0.28
0.14
0.13
0.12
0.09
0.05
0.19

0.26
0.14
0.13
0.12
0.10
0.04
0.21

0.25
0.15
0.11
0.14
0.07
0.05
0.23

0.13
0.09
0.17
0.00
0.10
0.48
0.00

0.49
0.39
0.06
0.06

0.52
0.38
0.06
0.03

0.49
0.41
0.07
0.03

0.46
0.43
0.07
0.03

0.04
0.06
0.03
0.19

0.58
0.42

0.66
0.34

0.70
0.30

0.76
0.24

0.00
0.00

0.27
0.34
0.39

0.33
0.34
0.33

0.32
0.32
0.36

0.31
0.37
0.32

0.18
0.32
0.05

0.54
0.03
0.06
0.00
0.00
0.03
0.55

Notes: Standard deviations are given in parentheses. The F-test measures whether the mean
of the four groups are equal. GAF is the General Assessment of Functioning.

Furthermore, we find that altruistic providers treat, on average, slightly less patients each
year as compared to more financially motivated providers. Financially motivated providers
treat longer and receive a higher compensation per hour. This is in agreement with our theoretical model: financially motivated providers prolong their treatment more often to a next tariff
threshold. The four quartiles of providers are more similar on other patient and treatment
characteristics. We find only small differences across the four quartiles in patients’ gender or
age, diagnosis and in the reason for ending treatments. There are differences in the number
of treatment episodes performed by psychologists or psychiatrists in each quartile. Psychia-

2.6 results
Table 2.3: Results of the ordered probit and OLS regressions on GAF outcomes
Dependent variable: ∆GAF
Relative altruism
Treatment year:a
2009

Ordered Probit
(1)
(2)
0.680***
(0.190)

2010
Psychiatristb
Provider size (no. of patients)
Female patient
Patient’s age
Reason for ending treatment:c
Treatment completed
Treatment ended by patient
Case related reason
Start GAF dummies
Diagnosis dummies
Location dummies
τ[∆GAF = −1 → 0]
τ[∆GAF = 0 → 1]
τ[∆GAF = 1 → 2]
τ[∆GAF = 2 → 3]
τ[∆GAF = 3 → 4]
Observations
Providers
Log-likelihood

No
No
No
-1.76*
-0.04
1.11
1.93
2.64
199,077
1,596
-260,967

0.448**
(0.185)

OLS
(3)

(4)

0.599***
(0.169)

0.358**
(0.141)

-0.057***
(0.016)
-0.074***
(0.023)
-0.110**
(0.059)
-0.001**
(0.000)
0.004
(0.012)
-0.001
(0.001)

-0.039***
(0.012)
-0.046**
(0.018)
-0.081*
(0.046)
-0.000
(0.000)
0.002
(0.009)
-0.000
(0.001)

0.732***
(0.030)
-0.157***
(0.025)
-0.282***
(0.041)
Yes
Yes
Yes
-4.59***
-2.63**
-1.30
-0.33
0.51
197,466
1,587
-234,322

No
No
No

0.571***
(0.022)
-0.110***
(0.018)
-0.196***
(0.029)
Yes
Yes
Yes

199,077
1,596
-271,885

197,466
1,587
-244,385

Notes: Standard errors are given in parentheses and are clustered at the provider level. Only the
OLS estimates can be interpreted as marginal effects. a Reference category: “2008”, b Reference
category: “psychologist”, and c Reference category: “administrative reasons”. The reported cutoff values τ, represent 99% of the distribution of ∆GAF. This ranges from a ∆GAF of minus one
up to plus four. *, **, and *** indicate significance based on a two sided test at the .10, .05, and
.01 levels, respectively.

trists are slightly overrepresented in the first quartiles, which indicates that psychiatrists are
somewhat more financially motivated than psychologists. Psychologists are slightly overrepresented in the last quartiles, indicating that these providers are slightly more altruistic.
Table 2.3 reports the results of the regression on changes in GAF.20 The reported standard
errors are clustered at the provider-level to account for correlation of errors between treat20 Correlations

between φ and other explanatory variables are all, except one, below 0.1, ruling out possible multicollinearity problems with respect to the degree of altruism. We find a slightly higher correlation of 0.12 between
φ and a dummy variable indicating whether the provider is a psychiatrist or a psychologist.
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Table 2.4: Ordered probit marginal effects for relative altruism on ∆GAF
Ordered probit

Relative altruism
(1)
(2)

∆GAF =−1

-0.023**
(0.006)
-0.221**
(0.063)
0.042**
(0.014)
0.127**
(0.035)
0.060**
(0.016)
0.015**
(0.005)

∆GAF = 0
∆GAF = 1
∆GAF = 2
∆GAF = 3
∆GAF = 4

-0.008**
(0.003)
-0.150**
(0.063)
0.033**
(0.016)
0.091**
(0.037)
0.030**
(0.012)
0.005**
(0.002)

Providers Q1 vs Q4
(1)
(2)
-0.006

-0.002

-0.060

-0.041

0.011

0.009

0.034

0.025

0.016

0.008

0.004

0.001

Notes: the table contains the marginal effects of the two ordered probit
regressions in Table 2.3 for relative altruism. Marginal effects of the
categories ∆GAF<−1 and ∆GAF>5 are all close to zero and are not
reported. Standard errors are given in parentheses and ** indicates a
significance based on a two sided test at the .05 level. We multiply the
marginal effects in the first two columns by 0.27, which is the difference
between the average degree of provider altruism in Quartile 4 and
Quartile 1, to obtain the effect of a change in relative altruism of 0.27.
These effects are reported in the last two columns. For example, in the
ordered probit regression with controls a 0.27 increase in the degree of
altruism is associated with a 0.2% less likely score of ∆GAF=−1, 4.1%
less likely score of ∆GAF=0, 0.9% more likely score of ∆GAF=1, 2.5%
more likely score of ∆GAF=2, etc.

ments of the same provider. In columns (1) and (2) we show the ordered probit results and
in columns (3) and (4) the OLS results. Estimations (1) and (3) include only the providers’
relative altruism as an explanatory variable. We find a significant positive effect of relative
altruism on the change in GAF in all four regressions. The effects decrease somewhat after
including control variables in regressions (2) and (4).
In Table 2.4 we report the marginal effects of the ordered probit regressions (1) and (2). To
interpret these marginal effects, we compare altruistic providers (Quartile 4) with financially
motivated providers (Quartile 1). The difference between their degree of altruism is 0.27.21
The results of ordered probit regression (2) indicate that a 0.27 increase in the degree of
altruism is associated with a 0.2% less likely score of ∆GAF=−1, a 4.1% less likely score of
∆GAF=0, a 0.9% more likely score of ∆GAF=1, a 2.5% more likely score of ∆GAF=2, a 0.8%
more likely score of ∆GAF=3 and a 0.1% more likely score of ∆GAF=4. The OLS results in
Table 2.3 can be interpreted as marginal effects. For example, the estimate 0.358 for relative
altruism in regression (4) implies that altruistic providers in Quartile 4 score on average a
21 The

2.2).

average degree of altruism is 0.67 for providers in Quartile 4 and 0.40 for providers in Quartile 1 (see Table

2.6 results
Table 2.5: Results of the regressions on treatment duration
Dependent variable: treatment
duration (in minutes)
Relative altruism
Treatment year:a
2009

(1)

(2)

-473.9*
(267.7)

-446.0***
(146.0)
79.7***
(18.0)
122.1***
(17.1)
-315.9***
(40.7)
0.2
(0.2)
28.8
(11.3)
-4.3***
(0.7)

2010
Psychiatrist:b
Provider size (no. of patients)
Female patient
Patient’s age
Reason for ending treatment:c
Treatment completed
Treatment ended by patient
Case related reason
Start GAF dummies
Diagnosis dummies
Location dummies
Constant
Observations
Providers
R-squared

No
No
No
Yes
208,117
1,614
0.003

-479.0***
(24.4)
-553.4***
(21.2)
-451.4***
(31.0)
Yes
Yes
Yes
Yes
200,872
1,593
0.174

Notes: Standard errors are given in parentheses and are clustered at
the provider level. a Reference category: “2008”, b Reference category:
“psychologist”, and c Reference category: “administrative reasons”. *,
**, and *** indicate significance based on a two sided test at the .10, .05,
and .01 levels, respectively.

10% higher change in GAF than providers in the first quartile.22 Thus, for one out of ten
patients, altruistic providers score a one point higher change in GAF than the more financially
motivated providers.23 A number of control variables contribute significantly. The change in
GAF decreases over time, is lower for patients treated by psychiatrists and for providers with
many patients. We find no impact of a patient’s age or gender on the change in GAF. Regular
treatment episodes have the largest changes in GAF while treatments that are ended due to
administrative reasons, case related reasons or ended by the patient have smaller changes in
22 0.1=0.358*0.27,

see also previous footnote.
result corresponds well with our estimates of the change in GAF in Table 2.10 in Appendix 2.A.2 on four
dummy variables where each dummy represents providers in one of the four quartiles of providers’ relative
altruism. The effect of the degree of altruism on the change in GAF differs only slightly between providers in
Quartiles 2, 3, and 4. However, the effect is significantly smaller for the financially motivated providers in Quartile
1, who are situated in the left tail of the distributions in Figure 2.4.

23 This
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GAF. Lastly, the start GAF dummies and diagnosis dummies have a strong and significant
impact on the change in GAF.24 Treatment episodes that have a low start GAF (and therefore
a high severity diagnosis) show a stronger improvement in GAF than those with a high start
GAF (low severity). This might reflect that it is easier to improve the GAF when the start GAF
is low. In addition, there is a lot of variation between diagnoses in the GAF change. A possible
explanation may be that some diagnoses are easier to treat than others. We will come back to
this in our robustness section. The location dummies, each representing a Dutch province, are
all insignificant.
In Table 2.5 we report the estimation results of providers’ relative altruism on treatment
duration. The results indicate that financially motivated providers treat patients longer than
altruistic providers: a provider who scores one standard deviation higher (0.09) on the degree of relative altruism treats patients on average about 40 minutes shorter. As explained
in the previous section this relationship cannot be interpreted as causal, but the result is important because it rules out the possibility that the better GAF scores of altruistic providers
are the result of longer treatment durations.25 The control variables in the second column in
Table 2.5 show that psychologists treat their patients longer than psychiatrists. We additionally find that the other control variables also contribute significantly. Treatment duration is
significantly higher for treatments in later years, female patients, younger patients and administratively closed treatment episodes. The start GAF dummies and diagnosis dummies
are jointly significant. Patients that start treatment with a higher GAF (who have a less severe diagnosis) are treated shorter than patients with a low GAF (who have a more severe
diagnosis).

2.7

robustness

In this section we investigate the robustness of our results. First, we look at different specifications of our measure of providers’ relative altruism. In the main results we have squared
the difference between actual treatment duration and the subsequent tariff threshold (see
Equation (2.5)). This takes into account that very financially motivated providers end their
treatment right after the last passed threshold.
24 We

also performed our main regressions with interactions between the start GAF dummies and main diagnosis
dummies or between the gender and age of the patient as control variables. This did not influence our main
results.
25 In Table 2.11 of Appendix 2.A.2 we regress treatment duration on four dummies, one dummy for each provider
quartile. Interestingly and similar to the change in GAF estimations, the differences in treatment duration between
the first, second, and third quartile are much smaller than the difference between the first and the fourth quartile.

2.7 robustness
Table 2.6: Robustness based on different specifications of the measure for relative altruism
Distance to threshold:

linear

quadratic

cubic

quartic

0.358**
(0.141)
Yes
197,466
-244,385
1,587

0.352**
(0.138)
Yes
197,466
-244,380
1,587

0.351**
(0.140)
Yes
197,466
-244,391
1,587

Panel B: dependent variable treatment duration (in minutes)
Relative altruism
-427.6**
-445.5***
-472.5**
(188)
(146)
(130)
Control variables
Yes
Yes
Yes
Observations
200,872
200,872
200,872
R-squared
0.173
0.174
0.174
Providers
1,593
1,593
1,593

-490.5***
(123)
Yes
200,872
0.174
1,593

Panel A: dependent variable ∆GAF
Relative altruism
0.400**
(0.169)
Control variables
Yes
Observations
197,466
Log-likelihood
-244,411
Providers
1,587

Notes: All estimations are OLS regressions. Standard errors are given in parentheses
and are clustered at the provider level. ‘Distance to threshold’ refers to the number
of minutes before the threshold when calculating Equation (2.5). *, **, and *** indicate
significance based on a two sided test at the .10, .05, and .01 levels, respectively.

Table 2.6 shows the results for four different specifications of our measure of provider’s
relative altruism. The first column is based on a measure that uses the linear difference in
treatment duration to measure providers’ relative altruism. The effect of the linear measure
on the change in GAF does not significantly differ from the main result (as reported in the
second column). The difference between the linear and the squared measure is that treatment
durations that are a bit further away from the last passed threshold are weighted as more
financially motivated in the linear measure as compared to the squared measure. The third
and fourth columns include a cubic and quartic specification, respectively. These higher order
polynomials put even more weight on providers who end treatment right after the preceding
threshold as more financially motivated than providers who are slightly further away from
the threshold. We find similar results in Table 2.6 for the different specifications for the change
in GAF in Panel A and treatment duration in Panel B.
Secondly, we investigate whether our results are driven by our choice of provider size. In
the column labeled ’> 9’ of Table 2.7 we report the regression results for all providers with
10 or more treatments each year. The effect of the providers’ relative altruism on the change
in GAF in Panel A and treatment duration in Panel B remain about the same as in the full
sample. Table 2.7 shows that the results remain significant and robust for different choices of
provider groups. This result shows that our results are not driven by specific provider groups.
Third, we examine whether our results differ between psychologists and psychiatrists. In
total we have 1,206 psychologists and 381 psychiatrists in our sample. The first column of
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Table 2.7: Robustness based on samples with
providers selected on size (number of treatments per year)
Observations per
provider-year:

> 40

>40 & <150

< 150

0.485***
(0.183)
Yes
149,817
789
-188,856

0.384**
(0.181)
Yes
105,683
748
-132,364

0.276**
(0.131)
Yes
153,332
1,551
-187,522

Panel B: dependent variable treatment duration (in minutes)
Relative altruism
-445.5*** -427.8*** -342.4**
-357.0***
(146)
(147)
(167)
(134)
Control variables
Yes
Yes
Yes
Yes
Observations
200,872
198,663
152,774
106,988
R-squared
0.174
0.176
0.209
0.143
Providers
1,593
1,479
793
752

-562.2***
(110)
Yes
155,086
0.155
1,557

>4

>9

Panel A: dependent variable ∆GAF
Relative altruism
0.358**
0.374***
(0.141)
(0.144)
Control variables
Yes
Yes
Observations
197,466
195,282
Providers
1,587
1,474
Log-likelihood
-244,385 -241,661

Notes: All estimations are OLS regressions. Standard errors are given in parentheses
and are clustered at the provider level. Column‘> 9’ reports the results of all providers
with 10 or more observations per year, ‘> 40’ with more than 40 observations a year,
column ‘> 40 & < 150’ all providers with more than 40 observations a year but no
more than 150, and column ‘< 150’ reports the results for a sample of all providers
with less than 150 observations a year. *, **, and *** indicate significance based on a
two sided test at the .10, .05, and .01 levels, respectively.
Table 2.8: Regressions by type of provider

Panel A: dependent variable ∆GAF
Relative altruism
Control variables
Observations
Log-likelihood
Providers

Psychologists

Psychiatrists

0.279*
(0.144)
Yes
134,787
-159,967
1,206

0.420
(0.284)
Yes
62,679
-81,760
381

Panel B: dependent variable treatment duration (in minutes)
Relative altruism
-673.5***
(233)
Control variables
Yes
Observations
136,622
R-squared
0.233
Providers
1,210

-14.7
(187)
Yes
64,250
0.106
383

Notes: All estimations are OLS regressions. Standard errors are given in parentheses
and are clustered at the provider level. *, **, and *** indicate significance based on a
two sided test at the .10, .05, and .01 levels, respectively.

Table 2.8 shows the results for the self-employed psychologists in our sample. The effect of
psychologists’ relative altruism on the change in GAF is smaller than in the full sample and
significant at a 10% level. For psychiatrists the effect is stronger but insignificant due to the

2.7 robustness
Table 2.9: OLS Regressions for population subgroups
Subgroup

(A1)

Panel A: dependent variable ∆GAF
Relative altruism
0.363***
(0.140)
Control variables
Yes
Observations
127,098
Log-likelihood
-155,929
Providers
1,582
Subgroup

(B1)

(B2)

Panel B: dependent variable ∆GAF
Subgroup name
Mood
Anxiety
Relative altruism 0.395*** 0.320***
(0.138)
(0.096)
Control variables
Yes
Yes
Observations
52,205
28,345
Log-likelihood
-66,523
-35,186
Providers
1,484
1,439

(A2)

(A3)

(A4)

(A5)

0.364**
(0.144)
Yes
184,500
-229,030
1,585

0.368***
(0.138)
Yes
177,880
-218,841
1,556

0.319**
(0.126)
Yes
121,401
-148,785
1,582

0.300**
(0.136)
Yes
76,065
-95,319
1,571

(B3)

(B4)

(B5)

(B6)

Personality
0.098
(0.108)
Yes
24,585
-28,928
1,158

Adjustment
0.335***
(0.112)
Yes
23,962
-29,402
1,339

Childhood
-0.229
(0.169)
Yes
26,299
-32,092
1,261

Others
0.164*
(0.098)
Yes
42,140
-49,713
1,456

Notes: All estimated coefficients can be interpreted as marginal effects. Standard errors are
given in parentheses and are clustered at the provider level. *, **, and *** indicate significance
based on a two sided test at the .10, .05 and .01 levels, respectively. Population subgroups (A1)
to (A5) are defined as follows:
(A1): Leaving out short treatments (<700 minutes) and long treatments (>4000 minutes).
(A2): Leaving out treatments ended by the patient.
(A3): Leaving out patients under 18 years.
(A4): Women.
(A5): Men.

smaller number of observations. Remarkably, we find no difference in treatment duration
between psychiatrists with different degrees of relative altruism. Two reasons may explain
this finding. First of all, psychiatrists treat patients on average much shorter than psychologists which may mean that there is less opportunity for prolonging treatments to a higher
tariff threshold. Second, financially motivated psychiatrists also report more often very short
treatments between 200 and 300 minutes (immediately after the first tariff threshold of 200
minutes).
Finally, in Table 2.9 we present some additional results for subgroups. In Panel A we run
five different regressions. Our results are robust after leaving out all treatment episodes below
700 minutes and above 4,000 minutes (A1), if we leave out all observations when patients,
instead of providers, end a treatment, or if we leave all patients under 18 years out of the
sample (A3). In estimations (A4) and (A5) we observe a slightly larger effect for women than
men, which corresponds with the small gaps in percentage of females just after the treatment
duration thresholds in Figure 2.8.
Panel B in Table 2.9 shows the effect of relative altruism on a change in GAF for six
diagnosis separately. The effect are strongest and significant for the diagnoses mood (B1),
anxiety (B2) and adjustment (B4) and smaller and insignificant for personality (B3) and other
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mental problems (B6). Remarkably, we find an insignificant negative effect for early and other
childhood problems (B5). The large standard error may indicate that the GAF for early and
other childhood problems may be particularly difficult to score for providers.

2.8

concluding remarks

This paper has used treatment duration thresholds in the compensation scheme for secondary
mental healthcare to separate financially from altruistically motivated providers. We classify
providers as altruistic if they do not take the treatment duration thresholds of the compensation scheme into account. Providers receive no financial compensation for treating a patient
longer after passing such a threshold and therefore perform an act that benefits the patient
at one’s own expense. Our results show strong heterogeneity in providers’ relative altruism.
We find a large group of financially motivated providers that respond to the discontinuities
in the compensation scheme by ending treatment immediately after passing a tariff threshold.
Even within this group of financially motivated providers we find strong variation. A smaller,
but still substantial group of more altruistic providers, disregards the discontinuities in the
compensation scheme. We additionally find that the more altruistic group of providers report
better treatment outcomes (as measured by the GAF change during treatment) than the most
financially motivated providers. In about one of out ten patients altruistic providers report a
full point higher GAF improvement.
There are several possible explanations for this result. A first possibility is that altruistic
providers treat patients longer with increasing patient benefits. However, we find the opposite.
On average financially motivated providers treat patients longer because they more often
prolong treatments to a next tariff threshold. Theoretically, longer treatment episodes by
providers may result in over provision of services with decreasing patient benefits, for example
because patients health deteriorates. In mental healthcare, however, where most treatments
are mainly face-to-face contacts and GAF scores are scored by providers (and not by patients),
it is unlikely that GAF scores are structurally lower when patients are treated longer.
A second reason is related to provider characteristics that we do not observe. It could
be that altruistic providers are more intrinsically motivated to treat a patient or that they are
better skilled or trained than financially motivated providers. Another explanation for our
findings might be differences in personal provider characteristics. For example, financially
motivated providers may be more pessimistic or less precise when assessing GAF improvements. An interesting direction for further research is to obtain more empirical information
on the patient benefit function. This would require more information on the demand side,

2.8 concluding remarks

such as waiting lists, and supply side, such as education and training of the provider (see also
Cutler et al. (2015)).
A last explanation may be misreporting of GAF scores. For example, some providers
may be misreporting GAF scores of a treatment in ways that are correlated with duration but
uncorrelated with health.
A limitation of our study is that we only have one outcome indicator (GAF change) as
a proxy for treatment outcomes. The GAF is a widely used measure and its reliability and
validity have been studied extensively. There has been some critique on the GAF as measure
of mental well-being (Vatnaland et al., 2007), however there are also a number of studies that
show that the GAF is a reliable indicator (Hilsenroth et al., 2000), especially when comparing
groups of patients (Jones et al., 1995; Soderberg et al., 2005). In recent years, more quality
indicators for Dutch mental healthcare have been monitored, such as routine outcome monitoring (ROM) scores. Unfortunately, these alternative outcome measures are not yet available
for research. In future research it would be interesting to see whether our results also hold for
different outcome measures.
For the design of an optimal payment mechanism, that rewards high quality and efficient
provision of care, it is crucial to include quality indicators in the compensation scheme. The
current compensation scheme is inefficient because it rewards providers who report smaller
GAF improvements and treat patients longer. One way to move forward is by using population based payment mechanisms with suitable quality indicators (see McClellan et al. (2014)).
However, finding suitable performance measures to base payment on is difficult in mental
healthcare.
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2.a.1

Additional figures

6

start GAF

6.2

6.4

2.a

5.8

64

0

1000

2000
3000
treatment duration (in minutes)

4000

Figure 2.6: Average start GAF scores by treatment duration. The distribution is reported in bins of 50
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Figure 2.7: Average age of patient by treatment duration. The distribution is reported in bins of 50
minutes. Vertical dashed lines represent the thresholds in the fee structure.
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Figure 2.8: Average percentage of female patients by treatment duration. The distribution is reported
in bins of 50 minutes. Vertical dashed lines represent the thresholds in the fee structure.
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2.a.2

Additional regression results

Table 2.10: Results of OLS regression on GAF outcome
Dependent variable: ∆GAF
Provider with relative altruism in:a
Quartile 2
Quartile 3
Quartile 4

(1)

(2)

0.111**
(0.046)
0.150***
(0.049)
0.186***
(0.055)

0.109***
(0.047)
0.118**
(0.045)
0.126***
(0.045)

Treatment year:b
2009

-0.038***
(0.012)
-0.044**
(0.018)
-0.079*
(0.046)
-0.000**
(0.000)
0.002
(0.009)
-0.000
(0.001)

2010
Psychiatristc
Provider size (no. of patients)
Female
Age of patient
Reason for ending treatment:d
Treatment completed
Treatment ended by patient
Case related reason
Control variables
Observations
Providers
Log-likelihood

No
199,077
1,596
-271,821

0.573***
(0.022)
-0.109***
(0.018)
-0.196***
(0.030)
Yes
197,466
1,587
-244,233

Notes: Standard errors are given parentheses and are clustered at
the provider level. a Reference category: “Providers in Quartile 1”,
b Reference category: “2008”, c Reference category: “psychologist”and
d Reference category: “administrative reasons”.

2.a appendix
Table 2.11: Results of OLS regressions of treatment duration
Dependent variable: treatment duration (in minutes)
Provider with relative altruism in:a
Quartile 2
Quartile 3
Quartile 4
Control variablesb
Observations
R-squared
Providers

(1)

(2)

-114
(91)
-129
(92)
-186**
(91)
No
208,117
0.005
1,614

-101**
(47)
-119***
(46)
-172***
(48)
Yes
200,872
0.175
1,593

Notes: a Reference category: “Providers in Quartile 1”, b We used as control variables
the same variables as specified in Equation (2.7). Standard errors are given in parentheses and are clustered at the provider level. *, **, and *** indicate significance based
on a two sided test at the .10, .05, and .01 levels, respectively.
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Remmerswaal, M., J. Boone, M. Bijlsma, and R. Douven (2019), Cost-sharing design matters:
a comparison of the rebate and deductible in healthcare, Journal of Public Economics 170, 83–
97.
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abstract
Since 2006, the Dutch population has faced two different cost-sharing schemes in health insurance for curative care: a mandatory rebate in 2006 and 2007, and a mandatory deductible
since 2008. With administrative data for the entire Dutch population and using a differencein-differences design, we compare the effect of these schemes on healthcare consumption. We
draw upon a regression discontinuity design to extrapolate effects to the cut-off age 18 and incorporate the size of the cost-sharing scheme. Our estimate shows that for individuals around
the age of eighteen, one euro of the deductible reduces healthcare expenditures 18 eurocents
more than one euro of the rebate. This demonstrates that different designs of a cost-sharing
scheme can have substantially different effects on total healthcare expenditure.

3.1 introduction

3.1

introduction

Health insurance reduces a person’s risk of unexpected high healthcare expenditures (Finkelstein et al., 2017). However, insurance can also induce moral hazard: an increased use of medical care driven by the reduction in price of care as a result of health insurance (Zweifel and
Manning, 2000). In many countries, policymakers have introduced demand-side cost-sharing
to reduce such moral hazard (see e.g. Paris et al. (2010)). A wide range of cost-sharing
schemes exist, including deductibles, co-payments, co-insurance rates, two-tier systems, rebates, and shifted deductibles. In addition, policymakers have to decide on the amount of
cost-sharing and which groups or treatments to target. All these schemes have in common
that they shift (part of) healthcare expenditures to users in order to incentivize them to reduce
their healthcare use. However, different schemes may lead to different responses.
This paper sheds light on the effects of two different demand-side cost-sharing schemes
that were in place in the Dutch curative healthcare sector between 2006 and 2013. In 2006 and
2007, the Dutch population faced a mandatory no-claims rebate of 255 euros as part of the
government mandated basic insurance package. A no-claims rebate, from here on referred to
as a rebate, implies that a person who spends y euros on healthcare in a given year receives
a 255 − y euro reward at the end of the year as long as this amount is positive, i.e., if he or
she makes no or few claims. The rebate was introduced in 2005 by the Dutch government
as a consumer-friendly cost-sharing scheme (Holland et al., 2009). Cost-sharing was, and still
is, a politically-controversial issue in the Netherlands, especially cost-sharing for low-income
individuals with poor health status. The rebate was initially preferred over a deductible
because it was perceived as an end-of-year bonus for low healthcare consumption during that
year, instead of a penalty for consuming healthcare. Also, deductibles were seen as a financial
hurdle for someone in need of care.
In 2008, however, a new government replaced the rebate with a mandatory deductible
of 150 euros. Under a mandatory deductible, a person pays the first 150 euros of his or
her healthcare consumption out-of-pocket, while costs above 150 euros are covered by health
insurance. The reasoning for abolishing the rebate in 2008 was threefold: preliminary evaluations showed only modest effects of the rebate on reducing healthcare consumption, it was
(now) perceived as unfair that chronically ill individuals would never receive the end-of-year
bonus, and the government could lower the health insurance premium paid by consumers
by replacing the rebate with a deductible (Goudriaan et al., 2007; Holland et al., 2009).1 The
mandatory deductible has been raised annually since 2008, reaching 350 euros in 2013. Im1

To finance the end-of-year rebate, each citizen has to pay a higher premium at the beginning of the year. For the
deductible, the premium is lower at the beginning of the year because out-of-pocket payments have to be paid
during the year.
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portantly, both cost-sharing mechanisms only applied to individuals of 18 years and over;
younger individuals were fully insured (no cost-sharing).
The aim of this paper is to compare the effect of a rebate and a deductible on healthcare
consumption. To estimate and compare causal effects of the rebate and the deductible on
healthcare expenditure, we use a difference-in-differences design that exploits two features of
the Dutch healthcare system: (i) cost-sharing applies only to persons above 18 years old. This
splits our sample into a treatment group (persons above 18 years old) and a comparison group
(persons below 18 years old) (Lee and Lemieux, 2010). (ii) The cost-sharing scheme switched
from a rebate to a deductible in 2008. This provides us with a pre and post period. As a result,
we can estimate the effect of cost-sharing kicking in at age 18 and make a further distinction
between the effect of the rebate kicking in at age 18 and the deductible kicking in at age 18.
We modify the difference-in-differences regression by drawing upon a regression discontinuity design to extrapolate effects to the cut-off age 18 and by incorporating the size of the
cost-sharing scheme into our regression. Also, we include time and individual fixed effects to
control for factors affecting healthcare consumption other than the rebate or deductible. Potential selection effects are largely absent because basic insurance is mandatory in the Netherlands, and the basic insurance package is set by the government. We use administrative data
that cover the entire Dutch population.
We find that the reduction of healthcare consumption due to the mandatory deductible is
significantly larger than the reduction due to the mandatory rebate of comparable size. One
euro of the deductible reduces healthcare expenditures by 18 eurocents more than one euro
of the rebate. Furthermore, we find that persons who live in an area with a low average
household income do not respond to the rebate, but do respond strongly to the deductible.
These findings may appear puzzling as in a standard economic framework a deductible and
a rebate induce the same budget constraint. We discuss three possible explanations for our
findings: prospect theory, discounting, and liquidity constraints (see Section 3.6).
Our paper contributes to the health economics literature on cost-sharing a comparison
of the effects of the rebate and deductible.2 Stockley (2016) also compares the effect of two
types of cost-sharing: the deductible and co-payments. She finds that people are substantially
more responsive to co-payments than to deductibles. The RAND Experiment compared the
effect of multiple co-insurance rates, which differ in size and upper limit (Newhouse and the
Insurance Experiment Group, 1993). Spending of persons with a 95% coinsurance rate (basically a deductible plan) was 31% lower than those without any cost-sharing, corresponding
to a price elasticity of approximately -0.2. These reductions in healthcare consumption did
not result in a worse health status, except for persons who already had a poor health status
2

We do not review this large body of literature here. The interested reader is referred to Baicker and Goldman
(2011) and McGuire (2012).

3.1 introduction

and low income. Recently, Brot-Goldberg et al. (2017) compared a situation where a firm
switches from free healthcare insurance to insurance with a high deductible. They find that a
high deductible reduces healthcare expenditure. As in Newhouse and the Insurance Experiment Group (1993), they find that individuals reduce both high value care as well as ‘wasteful’
care. In a standard rational framework, consumers would most likely cut only the latter type
of care. Brot-Goldberg et al. (2017) also show that even the sickest quartile in their sample
reduces healthcare expenditure, even though they tend to exceed the deductible.
There is little literature on demand responses of a rebate in healthcare. The Netherlands
seems to be the only country to have implemented a rebate in healthcare on a national level.
Some small-scale experiments have been carried out in Switzerland and Germany, and some
private health insurers implemented a rebate in Switzerland in the 1980s and 1990s (Zweifel,
1987). The Swiss rebate was different from the Dutch rebate because individuals could only
voluntarily choose for a rebate if they had low healthcare expenditures for five consecutive
years. Zweifel reports a decrease in healthcare consumption due to the rebate. An experiment
with a rebate for corporate sickness funds in Germany in the 1990s led to rather small effects
(Groenewegen and de Jong, 2004). Finally, Goudriaan et al. (2007) and Holland et al. (2009)
use a survey to evaluate the effect of the mandatory rebate in the Netherlands and report that
3 to 4% of the respondents claimed to reduce their healthcare consumption because of the
rebate.
Klein et al. (2018) also study the change from a rebate to a deductible in Dutch healthcare. They can compare healthcare expenditure before and after the rebate or deductible is
exhausted, because they have claim data from a Dutch healthcare insurer which includes the
billing date of healthcare. Selection can however occur, as they use a subsample from one
insurer, while our data cover the whole Dutch population. Klein et al. (2018) also find that a
deductible has a bigger effect on expenditure than the rebate.
There are several papers that study the effect of the deductible in the Dutch context, although none of them are of an experimental or quasi-experimental nature. Need et al. (1992),
Van Tulder and Bruyns (1995), and Van der Maat and de Jong (2010) show with survey data
that the deductible reduces Dutch healthcare expenditure significantly. Esch et al. (2015) combine survey data with registration data from general practitioners (GPs) and claim data from
healthcare insurers. They show that the share of persons that do not follow up their GP’s
referrals increases with the size of the deductible.3

3

GP care in the Netherlands does not fall under the deductible. GPs serve as gatekeepers to other forms of
healthcare, for example hospitals. The idea of the work of Esch et al. (2015) is that it is undesirable from a societal
point of view if persons do not follow up on their GP’s advice and referral because of the deductible. Therefore,
they investigate how often this occurs.
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We show that differences in the design of a cost-sharing scheme can lead to different
effects. If the goal of policymakers is to reduce expenditure and to offer a low health insurance
premium, a deductible is more suitable than a rebate. However, if policymakers are concerned
that a deductible hampers low income individuals from using high value care then a rebate
might be preferred.
The structure of this paper is as follows: Section 3.2 describes the institutional setting of
the Dutch healthcare system. Section 3.3 explains our administrative data set and provides
descriptive statistics. Section 3.4 describes the design comparing the effect of the rebate and
the deductible. Section 3.5 presents and discusses our results. Section 3.6 offers three mechanisms which explain why a rebate and deductible can have different effects on expenditure.
Section 3.7 goes over a number of robustness checks, and Section 3.8 concludes.

3.2

institutional setting

The main feature of the Dutch curative healthcare sector is managed competition, introduced
through the Health Insurance Act (‘Zorgverzekeringswet’) in 2006. Each person who lives
or works in the Netherlands is obliged to buy health insurance for a basic benefit package
from a private health insurer (Van de Ven and Schut, 2008). Insurers negotiate with healthcare
providers about prices and may selectively contract care for their clients. Competition therefore takes place among healthcare insurers –for buyers of insurance– and among healthcare
providers –for patients and contracts with healthcare insurers (Van de Ven and Schut, 2008).
The basic benefit package is the same4 for everyone and covers a wide range of curative
healthcare, such as hospital care, GP care, and mental healthcare.5 The government determines and changes the coverage of the basic benefit package.6
If people want to insure care that is not covered under the basic benefit package, such
as orthodontic care, cosmetic surgery, or alternative medicine, they can buy supplementary
health insurance. Healthcare insurers offer supplementary insurance independently from
the basic package and individuals do not have to buy basic and supplementary insurance
from the same insurer. During our sample period, over 85% of the population purchased
supplementary health insurance (Dutch Healthcare Authority, 2014). Health insurers may
not refuse anyone for the basic benefit package, for example because of pre-existing health
conditions. Instead, they must offer insurance for everyone at a community-rated premium.
4

5
6

There exist small differences in basic benefit packages, not in terms of coverage but provider networks can differ
between insurers (Dutch Healthcare Authority, 2014).
Note that long-term care is not part of the Health Insurance Act.
For a list of changes in coverage over the period of our analysis, see Appendix 3.A.1.

3.2 institutional setting

These features, as well as an extensive risk-equalization scheme, are in place to prevent cherry
picking, selection, and other market failures (Van de Ven and Schut, 2008; Dutch Healthcare
Authority, 2016).
All Dutch citizens, except children under 18 years old, pay for healthcare costs in three
ways. The first is through an insurance premium, which persons pay directly to their health
insurer. This annual premium is currently between 1,000 to 1,200 euros. Low-income groups
receive an income dependent monthly subsidy to pay for their premium. The second component of the contribution is an income-dependent fee, which is levied on an individual basis
through taxes (Van de Ven and Schut, 2008). The Health Insurance Act establishes that these
income-dependent fees should cover exactly 50% of total health expenditures in a year. The
third component consists of demand side cost-sharing.
Cost-sharing is mandatory for all Dutch citizens of 18 years and over, and starts on the
first day of the month after a person’s eighteenth birthday.7 In 2006 and 2007, the rebate was
255 euros,8 but in 2008, the government replaced the rebate with a deductible of 150 euros.
Since then, the deductible has been raised every year; see Table 3.1.9
Table 3.1: Mandatory rebate and deductible in the Netherlands for 2006 up to 2013

Type
Year
Amount (€)

Rebate
2006
255

2007
255

Deductible
2008
150

2009
155

2010
165

2011
170

2012
220

2013
350

The rebate or deductible apply to almost all types of health services covered under the
basic benefit package. Only maternal care, obstetrical care, GP care, and other types of primary care are exempted, to ensure accessibility to these types of care.10 In most cases, these
healthcare categories account for a small share of total healthcare expenditure.11 In our data,
cost-sharing does not apply to 8% of total healthcare expenditure.12 In addition to the mandatory rebate or deductible, persons aged 18 and over can also choose a voluntary deductible
7

The size of the rebate or deductible for an 18-year old depends on how many months remain between his or her
birthday and the end of the year.
8 Cost-sharing before 2006 is not reported, because the curative healthcare sector was organized very differently
before the Health Insurance Act of 2006. Insurance was mandatory for low and middle incomes and offered by
public insurers. Persons with a high income could purchase insurance at a private healthcare insurer, but were not
obliged to. Deductibles were voluntary and often chosen, as the reduction in premium was quite generous. The
rebate was introduced in public health insurance in 2005, just before the large healthcare reform of 2006.
9 The mandatory deductible was raised to 365 euros in 2014, 375 euros in 2015, 385 euros in 2016, and 385 euros in
2017 and 2018 as well. Table 3.1 shows deductibles for 2006 up to 2013, as we have data for these years.
10 See Table 3.2 for an overview of the data. Appendices 3.A.2 and 3.A.3 give a summary of the raw data and our
cleaning procedure.
11 Pregnant women or women who have given birth are exceptions.
12 See ’other care without cost-sharing’ in Appendix 3.A.2.
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(also in 2006 and 2007) of maximally 500 euros. Only about a tenth of the Dutch population
chooses such an additional voluntary deductible.13
Reinsurance of the mandatory deductible is allowed under special circumstances, for example for seasonal workers, people with a low income, or students. Less than 1.5% of the
population has this reinsurance (Dutch Healthcare Authority, 2014).

3.3

data and descriptives

3.3.1 Data
Our data are proprietary healthcare claim data from 2006 to 2013 and include all 17 million
insured inhabitants in the Netherlands. The data originate from Vektis, a private organization
that collects and maintains data on behalf of all healthcare insurers in the Netherlands.14
After cleaning, the data set consists of 130 million observations.15 A common problem with
claim data is that people with low healthcare expenditures do not claim their bills with their
insurer, because they do not expect to receive any compensation in return or to exceed their
deductible. This is, however, not a problem in our data, because healthcare providers have a
strong incentive to report all costs to patients’ health insurers directly. If they do not report the
costs, they will not be reimbursed by the health insurer. Providers send – often electronically
– their bills to the insurer, who will then bill the patient.
The data include for each person his or her total annual healthcare expenditures. These total annual healthcare expenditures have been broken down into expenditures of 21 categories
of healthcare, such as hospital care, GP care, mental healthcare, and dental care.16 In addition to healthcare expenditures, our data include several characteristics of individuals such as
gender, four digit zip code, and age. Age is given in years and reported for December 31st in
a particular year.17 Lastly, we know the level of an individual’s voluntary deductible in each
year.
Using the four digit zip code in our data, we can link additional information on the average
standardized disposable household income in a zip code area, using publicly available data
13 The

percentage of insured individuals choosing a voluntary deductible has increased since 2006, from about 3%
in 2006 to 8% in 2013.
14 The data are pseudonymized and not publicly available.
15 See Appendix 3.A.3 for the data cleaning procedure and Appendix 3.A.2 for summary statistics of the entire
dataset.
16 Table 3.2 is a list of all 21 categories.
17 A person who turns 18 years old on November 1st in 2008 is classified as 18 years old in 2008 in our data, even
though he or she was 17 years old for 10 months that year.

3.3 data and descriptives
Table 3.2: List of healthcare expenditure categories
Type of costs
GP registration
GP visits
Other costs of GP care
Pharmaceutical care
Dental care
Obstetrical care
Hospital care
Physiotherapy
Paramedical care
Medical aids
Transportation for persons lying down
Transportation for seated persons
Maternity care
Care that is delivered over the Dutch borders
Primary healthcare support
Primary mental healthcare support
Mental healthcare with (overnight) stay
Mental healthcare without (overnight) stay:
- at institutions
- by self-employed providers
Other mental healthcare costs
Geriatric revalidation
Other costs

Apply to deductible
or rebate

Included in yit

X
X

X

X
X
X
X
X
X

X
X
X
X
X
X

X

X

X
X
X
X
X
X

X
X

Notes: Cost categories marked with X in the second column apply to the rebate or deductible. The other cost categories are exempted from these cost-sharing schemes. yit
in the third column refers to the dependent variable in our baseline specification. See
Equation (3.3) in Section 3.4. The cost categories marked with an ‘X’ in the third column
are included in yit for the analyses in, for example, Table 3.5.

from Statistics Netherlands.18 Based on the full, uncleaned sample, we construct disposable
household income quintiles.
In our empirical analysis we focus on young adults around the age of 18 when a rebate or
deductible kicks in. For the baseline model, we select all persons between the age of 15 and
21, but exclude people aged 18 years old.19 As our data do not contain the exact date of birth,
we cannot distinguish someone who becomes 18 years old at January 1st from someone who
becomes 18 years old on December 31st (in the same year). Formally, the deductible starts in
the month after a person’s 18th birthday, which means that the former faces the deductible
for almost the whole year while the latter does not have a deductible at all in this year.
To measure the effect of the mandatory rebate and deductible we construct a baseline sample. To obtain this baseline sample we choose to exclude certain individuals and expenditure
18 Average

standardized disposable household income is gross household income minus taxes and premiums for
public insurance policies. This income measure is standardized for differences in size and composition of households.
19 Other papers that exclude individuals at the discontinuity are, for example those of Leuven and Oosterbeek (2004)
and Ferreira (2010).
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categories from our dataset. In the robustness section we will come back to these choices and
test how they influence our estimates. First, we exclude all individuals who choose a voluntary
deductible at least once between 2006 and 2013 from our main estimations. These individuals
are taken from the sample, to rule out potential effects of the voluntary deductible, such as
selection and moral hazard.20 We also take out all persons with any mental healthcare expenditures between 2008 and 2013. Mental care was not part of the Health Insurance Act until
2008, thus the data contain no mental healthcare expenditures for 2006 and 2007. It is therefore
impossible to estimate the effect of the rebate on mental healthcare expenditure in 2006 and
2007 and make comparisons with the deductible in the years after. Coverage of dental care
changed for persons under 18 years old compared to persons aged 18 and over between 2008
and 2011 (see Appendix 3.A.1). As expenditures on dental care are low but common, we do
not remove every person with any dental care.21 Instead, we delete expenditure on dental care
from our dependent variable: healthcare expenditure under the deductible. Although there
can be an interaction effect between dental care expenditure and the deductible (e.g. people
“filling up” their deductible or rebate on dental healthcare expenditure), this effect is likely to
be small as the level of dental care expenditure is low (see Appendix 3.A.2).
To sum up, our baseline sample includes young adults aged 15 to 21 (but not 18), who
never had any mental healthcare expenditures between 2008 and 2013 nor a voluntary deductible between 2006 and 2013. The main dependent variable in our analyses is total healthcare expenditure for healthcare categories under the rebate or deductible, but without dental
healthcare costs. We will henceforth refer to this dependent variable as healthcare expenditure
with cost-sharing.22

3.3.2 Descriptives
Table 3.3 summarizes healthcare expenditures and characteristics of our baseline sample, divided into 15 to 17 year olds (the comparison group) and 19 to 21 year olds (the treatment
group), and for the years the rebate was in place (2006 and 2007) and the years the deductible
was in place (2008 to 2013).
20 The

voluntary deductible is mostly chosen by persons with low healthcare expenditures, because it is profitable
for them (Douven et al., 2016). They therefore differ from people who do not choose a voluntary deductible.
Suppose we would only delete observations of people choosing a voluntary deductible in the year that they
choose a voluntary deductible. That implies that we would delete for example a 19 year old in 2012, but keep
observations of this same person in previous years (ages 15 – 17 without a voluntary or mandatory deductible).
Health expenditures are likely to be already low at 15, 16, or 17 years old due to selection effects, which would
bias our results. To avoid this selection bias, we delete observations of this individual in every year.
21 Dental care is so common that excluding people with dental care expenditures would leave almost no observations.
22 Table 3.2 summarizes the cost categories included in our main dependent variable (y ).
it

3.3 data and descriptives
Table 3.3: Descriptive statistics of baseline sample

Healthcare with cost-sharing (€)
Of which:
Hospital care (€)
Physiotherapy (€)
Pharmaceutical care (€)
Other care with cost-sharing (€)
Age (years)
Male (frac.)
Diagnosis cost related group (frac.)
Pharmaceutical cost related group (frac.)
Standardized household income quintile
Observations

15 to 17 years old
rebate deductible

19 to 21 years old
rebate
deductible

481
(3,079)

557
(3,719)

533
(3,272)

589
(3,294)

322
(2,569)
24
(115)
88
(1,241)
46
(480)
16
(0.82)
0.52
(0.50)
0.00
(0.03)
0.03
(0.16)
3.12
(1.39)
756,237

373
(3,211)
40
(156)
89
(1,289)
55
(679)
16
(0.82)
0.51
(0.50)
0.01
(0.09)
0.02
(0.15)
3.21
(1.37)
2,578,967

399
(2,998)
5
(86)
90
(703)
38
(378)
20
(0.82)
0.51
(0.50)
0.00
(0.05)
0.03
(0.17)
2.93
(1.41)
812,569

436
(2,866)
8
(110)
97
(1,101)
47
(506)
20
(0.82)
0.52
(0.50)
0.02
(0.13)
0.03
(0.16)
2.93
(1.43)
2,406,300

Notes: Standard deviations are reported between parentheses. The mean values are calculated for 2006 and 2007 (rebate) and 2008 to 2013 (deductible). All the differences between
characteristics are all significant at a 1% significance level. The only exception for the
difference in pharmaceutical care between the rebate and the deductible is not significant
for 15 to 17 year olds (i.e. the second vs the third column) and the difference between
15 to 17 year olds and 19 to 21 year olds in years the rebate was in place (i.e. the second vs the fourth column). The extremely small p-values are a result of the large sample
size: even very small differences are highly significant. Healthcare expenditure with costsharing excludes users of mental care between 2008 and 2013, dental healthcare costs, and
individuals with a voluntary deductible. Household income is the average standardized
disposable household income. Quintile 1 is the lowest quintile and Quintile 5 is the highest quintile. This is the sample of our baseline specification.

Except for average healthcare expenditures, most characteristics are similar across the treatment and comparison group and across the years with a rebate and years with a deductible.
Expenditures differ substantially per healthcare category: the average expenditures are highest for hospital care, and lowest for physiotherapy. Overall, we see that our sample is healthy:
less than 2% of the sample is a chronic user of healthcare and between 2 and 3% are chronic
users of medication.23 This of course is driven by the relative young age of the people in our
sample. The mean household income quintile of 15 to 17 year olds is higher than the mean
quintile of 19 to 21 year olds. The former group will live with their parents while the latter
group tends to move to new accommodation either as student or in their first job with a rela23 Appendix

3.A.2 shows the total population is less healthy.
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Figure 3.1: Mean healthcare expenditures by age and cost-sharing type

tively low wage. The mean household income quintile of 15 to 17 year olds increases slightly
over time: from 3.12 when the rebate was in place to 3.21 when the deductible was in place.
Figures 3.1 and 3.2 provide a first indication that (i) cost-sharing reduces average healthcare expenditure and (ii) the deductible has a bigger effect on healthcare expenditure than
the rebate. Figure 3.1 presents mean healthcare expenditure for all ages in the baseline sample, separately for rebate period (2006 and 2007) and for the deductible period (2008 to 2013).
Mean healthcare expenditure increases with age, but drops for 19 year olds. If we extrapolate
the trends in healthcare expenditure to the cut-off at age 18, we see that average expenditure
below 18 years old (where no cost-sharing is in place) clearly exceeds average expenditure
above 18 years old (where cost-sharing does apply). This difference is larger for years with
the deductible than years with the rebate.
Figure 3.2 highlights the years 2007, 2008 and 2007, 2012 to illustrate the interplay with
the size of the cost-sharing scheme. There is almost no jump in healthcare expenditure in
2007 and 2008, even though the deductible in 2008 was 105 euros lower than the rebate in
2007. The comparison of the years 2007 and 2012 shows a large gap, even though the level of
the rebate and the deductible are similar (255 and 220 euros respectively).24 Mean healthcare
expenditure at age 18 is also plotted in Figure 3.2. As expected, mean healthcare expenditure
is roughly in the middle of healthcare expenditure at 17 and 19: some ‘18 year olds’ actually
turn 18 years old in January, and thus face the rebate or the deductible for almost the whole
24 Figures

3.1 and 3.2 display standard errors of the mean expenditures. These standard errors differ from standard
deviations of individual expenditures as reported in, for example Appendix 3.A.2 and Table 3.3.

3.4 methods

2007 and 2008

2007 and 2012

Figure 3.2: Mean healthcare expenditures by age and year

calendar year, whereas others turn 18 years old in December and do not face any cost-sharing
that year.

3.4

methods

In this section, we describe the empirical strategy. Results and robustness checks are presented
in Sections 3.5 and 3.7.

3.4.1 Identification strategy
To estimate causal effects of the rebate and the deductible on healthcare expenditure, we use a
difference-in-differences design that is modified in two ways. First, it draws upon a regression
discontinuity design to extrapolate effects to the cut-off age 18. Second, we incorporate the
size of the cost-sharing scheme into our regression.
The difference-in-differences design exploits two features of the Dutch healthcare system:
(i) cost-sharing applies only to persons aged 18 years and over. This splits our sample into
a treatment group (persons aged 18 and over) and a comparison group (persons below 18
years old) (Lee and Lemieux, 2010). (ii) The cost-sharing scheme switched from a rebate to a
deductible in 2008. This provides us with a pre and post period. As a result, we can estimate
the effect of cost-sharing kicking in at age 18 and make a further distinction between the effect
of the rebate kicking in at age 18 and the deductible kicking in at age 18. We test if the effect
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of cost-sharing was significantly different in the years the rebate was in place (2006 and 2007)
from the years the deductible was in place (2008 to 2013).
A key assumption for difference-in-differences estimation is that healthcare expenditure
time trends for persons above and below 18 years old are parallel before the introduction of
the deductible (Angrist and Pischke, 2009). When the parallel trends assumption is satisfied,
persons below 18 years old serve as a valid counterfactual group for persons above 18 years
old. In our set-up, the treatment is the deductible which replaced in 2008 the rebate that had
been in place in 2006 and 2007. Although a pre period of two years to establish a parallel
trend is limiting, the size of the rebate was fortunately constant in 2006 and 2007.25 To test for
parallel trends we follow Pischke (2005) and estimate:
yit = αi + αt +

q
X

βt Tit (t = k + j) + it

(3.1)

j=−m

where yit denotes healthcare expenditure with cost-sharing of individual i in period t.
Tit is a binary variable indicating whether individual i faces cost-sharing in year t or not.
The cost-sharing scheme switches from a rebate to a deductible in 2008, year k. αi captures
individual fixed effects. αt denote year fixed effects, with 2007 as the reference category. The
specification allows the year effects to differ for the treatment group (persons above 18 years
old) and the control group (persons below 18 years old) as denoted with βt Dit . For the
parallel trends assumption to hold, the coefficients of the two ‘leads’ m, 2006 and 2007, must
be zero: β2006 is not allowed to be significantly different from β2007 as the deductible was
not yet introduced and the size of the rebate was constant. βt for the six ‘lags’ q, 2008 up to
2013, do not have to be zero because the deductible was introduced. Furthermore, βt are also
allowed to differ from each other in an arbitrary way after the introduction of the deductible
in 2008. β2008 may for example differ from β2013 . Indeed, as the deductible changes over
time, this is likely to happen.
The parallel trends assumption was tested for three age year bandwidths. Table 3.4 reports
the results of estimating Equation (3.1). For a three-year age bandwidth, β2006 is, as necessary
for the parallel trends assumption to be satisfied, insignificant for fixed effects specification
and hardly significant for ordinary least squares estimation. For the two-year age bandwidth,
the treatment effect in 2006 is insignificant for both fixed effects and ordinary least squares
estimation. Finally, for the one-year bandwidth, we cannot do a fixed effects estimation. In
25 A

change in the size of the rebate may affect the trend in healthcare expenditure for persons above 18 years old,
but not for persons below 18 years old. If for example the size of the rebate had increased by 100 euros in 2007,
then the difference in healthcare expenditure between persons above and below 18 years old would have become
smaller (note that healthcare expenditure of persons above 18 years old is on average higher than persons below
18 years old). This could have resulted in non parallel trends.

3.4 methods
Table 3.4: Parallel trends assumption test
15 - 21 year olds
OLS
FE
β2006 * treatment
β2007 * treatment
β2008 * treatment
β2009 * treatment
β2010 * treatment
β2011 * treatment
β2012 * treatment
β2013 * treatment
Year fixed effects
Individual fixed effects

16 - 20 year olds
OLS
FE

17 - 19 year olds
OLS

13.77*
(8.21)
-

13.44
(8.90)
-

9.83
(10.44)
-

9.13
(13.49)
-

1.29
(18.30)
-

-14.96**
(7.59)
-28.50***
(8.77)
-25.94**
(10.47)
-28.63***
(11.02)
-49.58***
(12.64)
-67.99***
(11.96)
Yes
No

-13.35
(8.58)
-16.63
(10.39)
-25.47**
(12.46)
-47.81***
(13.33)
-89.66***
(17.11)
-126.33***
(17.09)
Yes
Yes

-20.04*
(10.73)
-28.53**
(12.50)
-37.45***
(12.81)
-32.86***
(12.54)
-53.91***
(14.75)
-66.31***
(13.37)
Yes
No

-18.35
(13.18)
-32.19*
(17.86)
-38.84*
(20.36)
-43.56**
(21.32)
-102.60***
(28.43)
-137.16***
(30.65)
Yes
Yes

0.15
(17.84)
-39.02**
(19.24)
-23.64
(16.88)
-22.03
(17.58)
-78.53***
(22.67)
-40.06**
(18.97)
Yes
No

Notes: Standard errors are reported between parentheses and clustered at the individual
level. *, **, and *** indicate significance based on a two-sided test at the .10, .05, and .01 levels,
respectively. OLS denotes ordinary least squares estimation and FE individual fixed effects
estimation. A one-year age bandwidth could not be estimated with individual fixed effects
estimation. Other coefficients are available upon request. 2007 is reference category

this case β2006 is not significant with ordinary least squares estimation. We conclude that the
parallel trends assumption is satisfied in our data.
A second assumption for the validity of our identification strategy is that individuals cannot manipulate or influence the assignment variable (Lee and Lemieux, 2010), which clearly
holds in our case as individuals cannot manipulate their age in our data as it is based on
official records.
In a standard regression discontinuity design, a further requirement is that all factors determining the dependent variable, i.e., healthcare expenditures with cost-sharing, must evolve
smoothly, except for the treatment variable. If this condition is satisfied, then a discontinuity
or jump in the dependent variable can be ascribed to the treatment. This assumption does
not necessarily hold in our design: several things change when a person turns 18 years old,
some of which may affect healthcare expenditure. To illustrate, the legal age for consumption
of strong liquor and to drive a car is 18 during the period of our study.26 This may cause
an increase in healthcare expenditure due to (excessive) alcohol consumption and/or car accidents for people above 18 years old. Also, 18 year olds are more likely to move out from
their parental home to live on their own. Moving out may reduce healthcare expenditures as
18 year olds may start paying their own bills after moving out.
26 The

legal age for consuming wine and beer was 16 in our study, but raised to 18 years in 2014.
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However, this exact assumption is not necessary for our difference-in-differences design.
Even if discontinuities exist around age 18 (other than the deductible or rebate), this does not
invalidate our design as we focus on the change from a rebate to a deductible and compare
the year-by-year estimates over time. Discontinuities at age 18 do not influence our results
as long as these discontinuities stay constant over time. In Section 3.7.2 we show that this
assumption is plausible for relevant factors that may be discontinuous at age 18 and can affect
health expenditure.

3.4.2 The model
We implement our difference-in-differences strategy by estimating the following model:
yit = γrRit + δdt Dit + βage
˜ it + β 0 Tit age
˜ it + αt + αi + it

(3.2)

Here, yit denotes healthcare expenditure with cost-sharing of individual i in period t. Age
in years is the assignment variable: a person’s age determines whether he or she is in the
treatment or comparison group:27

Tit =

1

if ageit > 18

0

if ageit < 18

where ageit is the age of an individual i in year t and Tit is a binary variable indicating
whether individual i faces cost-sharing in year t or not.
Rit and Dit are the same as Tit , but distinguish between a rebate in t ∈ {2006, 2007}
and deductible t ∈ {2008, 2009, 2010, 2011, 2012, 2013}, respectively. To illustrate, Rit = 0 for
t > 2008 and Rit = Tit for t = 2006, 2007. The terms γ and δ identify the difference-indifferences effects: the former captures the effect of the rebate and the latter of the deductible.
γ and δ are scaled with the size of the rebate r = 255 and the size of the deductible dt ∈
{150, 155, 165, 170, 220, 350}.28
We consider individuals i in periods t ∈ {2006, 2007, 2008, 2009, 2010, 2011, 2012, 2013}
where ageit ∈ {15, 16, 17, 19, 20, 21}. That is, we use a bandwidth of three age-years before
27 Similar

to Behaghel et al. (2008), Card et al. (2008), Leuven and Oosterbeek (2004), Ferreira (2010), Lemieux and
Milligan (2008), and Edmonds et al. (2005), our assignment variable age is only available on a yearly basis. Dong
(2015) argues that rounding of the assignment variable, can bias results. If we apply Dong’s suggested correction,
the estimated coefficients become larger, but the relative effects stay the same: effect of the deductible is larger
than the effect of the rebate.
28 A more traditional difference-in-differences model is: y
˜ it + β 0 Tit age
˜ it + αt + αi + it
it = θTit + δDit + βage
where θ captures the effect of cost-sharing at age 18 and δ measures whether θ differs for years the deductible
was in place. However, this cannot account for the size of cost-sharing, making it hard to compare the rebate and
deductible properly.
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the cut-off point, from 15 to 17, and three years after, from 19 to 21.29,30 We center age around
18 for a straightforward interpretation of the coefficients: age
˜ it = ageit − 18. αi denote individual fixed effects and αt year fixed effects. We also estimate model (3.2) without αi to assess
the importance of unobserved individual characteristics. it is the error term and standard
errors are clustered at the individual level to correct for correlation (Lee and Lemieux, 2010).31
In the baseline specification, we include the size of cost-sharing linearly, as it only ranges
between 150 and 350 euros. However, we also estimate model (3.3) which replaces γrRit and
δdt Dit with τt Tit and which does not impose a linear relationship:
yit = τt Tit + βage
˜ it + β 0 Tit age
˜ it + αt + αi + it

(3.3)

τt is captures the effect of cost-sharing kicking in at age 18 for each year t. The advantage
of this year-by-year estimation, is that it uncovers the yearly dynamics. For example, in 2008
not only the type of cost-sharing changed from a rebate to a deductible, also the level of costsharing changed from 255 euros to 150 euros. A disadvantage of year-by-year model (3.3) is
however that the estimated coefficients τt are harder to interpret as they change over time. In
this sense, the coefficients γ, δ in Equation (3.2) are more intuitive.
Although not shown explicitly in Equations (3.2) and (3.3), we allow for different age and
year effects for men and women, as the trend in health expenditure over age is different for
(young) men and women.32

3.5

results

The results of model (3.2) are reported in Table 3.5. The estimated coefficient δ is larger (in
absolute value) than γ in both the ordinary least squares specification and the fixed effects
specification: the deductible reduces healthcare expenditure significantly more than the rebate per euro of cost-sharing. For the fixed effects estimation, one euro of the rebate leads
29 Other

age bandwidths are estimated as well. Here, we explain our empirical strategy for 15 to 21 year olds. Our
results hold across other age bandwidths. See Section 3.7.
30 We have also explored another approach, as described by Dalton (2014). Dalton focuses on individuals who are
price sensitive at the margin, i.e., their healthcare expenditure is just below or just above the deductible. These
people would benefit from reducing their health consumption. Therefore, a local effect can be found near the
threshold of the deductible: a ‘bump’ in the distribution of healthcare costs just before the threshold and a drop
just after. In our data, however, no such effect is present. See the figures in Appendix 3.A.4.
31 Some studies (e.g. Lee and Card (2008), Card et al. (2008), and Ferreira (2010)) suggest that standard errors must
be clustered by age when conducting a regression discontinuity design with age as the running variable. If we
do that, we find that the standard errors become much smaller compared with the standard errors clustered by
individual. See Appendix 3.A.5.
32 To illustrate, the full specification of Equation (3.2) becomes y
˜ it + ζage
˜ it ∗ male +
it = γrRit + δdt Dit + βage
β 0 Tit age
˜ it + ζ 0 Tit age
˜ it ∗ male + αt + ωt ∗ male + αi + it where male denotes a binary variable for male. As
Equations (3.2) and (3.3) are easier to read, we refer to those equations.
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Table 3.5: Results of scaled estimations

γ (rebate)
δ (deductible)
Age centered
Age centered * male
Age centered * treatment
Age centered * treatment * male
Year dummies
Individual fixed effects
Constant
Observations
R2
P-value of test γ=δ

OLS

FE

-0.17***
(0.03)
-0.40***
(0.03)
Yes
Yes
Yes
Yes
Yes
No
Yes
6,678,669
0.000
0.000

-0.27***
(0.03)
-0.45***
(0.03)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
6,678,669
0.691
0.000

Notes: Standard errors are reported between parentheses and
clustered at the individual level. *, **, and *** indicate significance based on a two-sided test at the .10, .05, and .01 levels, respectively. OLS denotes ordinary least squares estimation
and FE individual fixed effects estimation (see Equation (3.2)).
The dependent variable yit is healthcare expenditures with costsharing (excluding dental care). Other coefficients are available
upon request.

on average to a reduction of healthcare expenditures of 27 eurocents. For one euro of the
deductible, this reduction is 45 eurocents: 18 eurocents larger, slightly more than 1.5 the reduction of the rebate. The difference between these coefficients is statistically significant at a
1% significance level. Similar results are found for ordinary least squares estimation.
We also compare effects across sex and income categories by estimating Equation (3.2) separately for men and women, and individuals living in areas with different average household
income quintiles. Table 3.6 shows the estimated coefficients γ for the rebate and δ for the
deductible for these groups. For both men and women, we see that δ is significantly higher
than γ. Women respond significantly stronger to the rebate as well as the deductible than
men. Comparing individuals living in zip code areas with different incomes, we see that
people living in a low income area (Quintile 1) have a big and significant difference between
the effect of the rebate and the deductible. Although not in a monotone way, this difference
shrinks as the average income in the area increases. For the high-income areas (Quintile 5) the
difference is no longer statistically significant. This suggests that people with high-income do
not respond differently to a rebate and a deductible.
The estimated coefficients τt of the year-by-year model (3.3) are reported in Table 3.7.
Although the size of the deductible in year 2008 – 2011 is lower than the rebate, the estimated

3.5 results

Figure 3.3: Estimated τt coefficients scaled by cost-sharing size and their 95% confidence intervals

effects τt for 2008 – 2011 are not statistically different from 2006 and 2007.33 In 2012 the
size of deductible is still below the rebate, with 220 and 255 euros respectively, but they are
comparable in size. The effect of the deductible in 2012 is, however, significantly larger than
the effect of the rebate in 2006 and 2007. Hence, the effect of the deductible on healthcare
expenditure is bigger than for the rebate; in line with the comparison of γ and δ above. In
2013, the deductible of 350 euros exceeds the rebate and –as one would expect– the estimated
treatment effect is bigger (in absolute value) than for 2006 and 2007.
Model (3.2) imposes a linear relationship in the size of cost-sharing. Figure 3.3 shows
that this assumption is reasonable: if we scale the τt coefficients from model (3.3) by the
size of cost-sharing we see a linear horizontal pattern between 2008 and 2013. The estimated
coefficients are not significantly different from each other at a 5% significance level.34
To conclude: the deductible is more effective in reducing healthcare expenditures than the
rebate. We observe this for both men and women. Persons living in low income areas do
not respond strongly to a rebate but do respond to a deductible. The next section explores a
number of reasons that may explain the differential response of individuals to a rebate and a
deductible.

33 The

lower panel in Table 3.7 lists all differences between the coefficients of the rebate and deductible as reported
in upper panel with fixed effects. We see that the coefficients do not differ much for the rebate and deductible
up to 2011. An F-test shows that up to 2011 the estimated coefficients did not differ significantly from each other,
using a 1% significance level.
34 The τ coefficients scaled by the size of cost-sharing were computed by estimating: y
˜ it +
t
it = τt dt Tit + βage
β 0 Tit age
˜ it + αt + αi + it
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-0.10
(0.07)
-0.08
(0.07)
-0.21***
(0.06)
-0.22***
(0.06)
-0.26***
(0.07)

-0.17***
(0.03)
-0.13***
(0.05)
-0.22***
(0.04)
-0.15*
(0.08)
-0.26***
(0.07)
-0.26***
(0.06)
-0.25***
(0.07)
-0.38***
(0.07)

-0.27***
(0.03)
-0.21***
(0.05)
-0.33***
(0.04)
-0.57***
(0.09)
-0.37***
(0.07)
-0.34***
(0.07)
-0.35***
(0.06)
-0.34***
(0.06)

-0.40***
(0.03)
-0.35***
(0.04)
-0.46***
(0.04)
-0.43***
(0.09)
-0.39***
(0.07)
-0.47***
(0.07)
-0.41***
(0.07)
-0.49***
(0.07)

-0.45***
(0.03)
-0.41***
(0.05)
-0.51***
(0.05)

Estimated δ
(deductible)
OLS
FE

0.245

0.037

0.027

0.000

0.000

0.000

0.000

0.000

0.203

0.041

0.005

0.088

0.001

0.001

0.001

0.000

p-value of
test γ=δ
OLS
FE

573

566

572

570

560

611

527

568

Mean
expenditure

1,362,477

1,395,225

1,350,469

1,244,994

1,264,843

3,261,307

3,417,362

6,678,669

Observations

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and *** indicate significance based on a two-sided test at the .10, .05, and .01 levels, respectively. OLS denotes ordinary least squares estimation and
FE individual fixed effects estimation. The dependent variable yit is the same as in Table 3.5. The table shows the estimated
coefficients of γ and δ. The estimated coefficients of the other variables are available upon request.

Quintile 5 (highest)

Quintile 4

Quintile 3

Quintile 2

Household income:
Quintile 1 (lowest)

Women

Men

Baseline

Estimated γ
(rebate)
OLS
FE

Table 3.6: Estimated coefficients γ and δ for multiple groups
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Table 3.7: Results of year-by-year estimation

τt (rebate)
2006
2007
τt (deductible)
2008
2009
2010
2011
2012
2013
Age centered
Age centered * male
Age centered * treatment
Age centered * treatment * male
Year dummies
Individual fixed effects
Constant
Observations
R2

OLS

FE

-56.47***
(8.85)
-68.86***
(9.09)

-72.25***
(13.28)
-78.55***
(11.19)

-83.25***
(9.03)
-97.41***
(8.26)
-95.20***
(8.10)
-99.35***
(8.45)
-119.47***
(11.21)
-136.71***
(9.79)
Yes
Yes
Yes
Yes
Yes
No
Yes
6,678,669
0.000

-83.36***
(9.67)
-79.36***
(8.44)
-79.23***
(9.03)
-92.60***
(10.09)
-124.74***
(14.91)
-153.29***
(15.55)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
6,678,669
0.687

Notes: Standard errors are reported between parentheses and
clustered at the individual level. *, **, and *** indicate significance based on a two-sided test at the .10, .05, and .01 levels,
respectively. OLS denotes ordinary least squares estimation and
FE individual fixed effects estimation (see Equation (3.3)). The
dependent variable yit is the same as in Table 3.5. Other coefficients are available upon request.
Difference with:
τ2006
τ2007
τ2008
τ2009
τ2010
τ2011
τ2012
τ2013

τ2006

τ2007

-6.30
-11.11
-7.11
-6.98
-20.35
-52.49**
-81.04***

6.30
-4.81
-0.81
-0.68
-14.05
-46.19**
-74.74***

Notes: The lower panel reports the differences between the
τ coefficients presented in the upper panel. In the first two
columns, we show the difference between τ2006 and the τ values of the other years. The last column shows the difference
with τ2007 . The coefficients are estimated with individual fixed
effects. τ2012 and τ2013 are significantly different, at a 1% significance level, from τ2008 - τ2011 .
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3.6

mechanisms

We first present a standard model where a deductible and rebate lead to the same choices
by the consumer. Then we present a number of deviations from the standard model which
explain why a deductible reduces healthcare expenditure more than a rebate. Our results
suggest that budget constraints play a role.

3.6.1 Standard rational framework
With a standard utility function and no imperfections in consumer behavior or on the insurance market, consumer behavior should be the same under a deductible and a rebate. This
can be seen as follows. Consider a consumer with initial wealth w who has bought insurance
with a deductible D at a premium equal to σ. For ease of exposition, we assume that financial
utility u (e.g. utility derived from consuming other goods) and health utility v are additively
separable. Hence, overall utility is of the form u + v. We assume that the patient is offered
only one treatment per period with utility v which is drawn from some distribution defined
on IR+ . The patient decides whether to be treated or not.
Assume that the patient is offered a treatment with value v at a cost equal to y ∈ [0, D].35
She decides to undergo the treatment if:
u(w − σ − y) + v > u(w − σ).

(3.4)

Now consider the same consumer buying health insurance with a rebate D. That is, if her
healthcare expenditures y are below D, she receives a bonus at the end of the period equal
to D − y. For the insurance market to be able to finance this bonus, the premium σ needs
to be increased with D, assuming that the rebate leads to the same healthcare expenditure as
the deductible, as indeed it will in this model. Further, assume that all these payments are
close enough together in time that no discounting is needed. Then the consumer accepts the
treatment if:
u(w − (σ + D) + D − y) + v > u(w − (σ + D) + D).

(3.5)

Clearly, the trade offs are the same under the deductible and the rebate. Hence, a treatment
is accepted under the rebate if and only if it is accepted under the deductible. According to
this model, healthcare expenditures are the same under the rebate and the deductible.
35 For

costs y > D, the expressions below are valid with y = D, both for the deductible and the rebate case.

3.6 mechanisms

3.6.2 Prospect theory
As a first explanation of the difference between healthcare expenditure under rebate and
deductible, we discuss Kahneman and Tversky (1979), Johnson et al. (1993), and Thaler (1999).
We present a simple model in this vein to show that treatments exist that are consumed if
a person faces a rebate but not in case of a deductible. Accordingly, healthcare expenditure
will be lower with a deductible than a rebate of the same magnitude D. Figure 3.4 plots the

u

u(D)

u(D-y)
losses

-y

D-y

D

gains

u(-y)

Figure 3.4: Value function u of an individual facing either deductible or rebate of D (based on Kahneman and Tversky (1979)).

value function of financial utility under prospect theory, u. In a system with deductible D, if
a patient decides to accept a treatment with value v and costs y ∈ h0, Di, then he or she will
pay y. This can be considered as a financial loss compared to the status quo of not paying
for treatment, which is depicted in the left half of the quadrant in Figure 3.4.36 Costs y of
36 To

be precise, the status quo in this example is a person who has paid his or her insurance premium and who has
not used any healthcare yet. An out-of-pocket expense due to the deductible is therefore a financial loss.
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the treatment lead to value u(−y) < 0. Therefore, a patient will only choose to be treated if
u(−y) + v > u(0) or equivalently, v > u(0) − u(−y).
If the same patient decides to accept the treatment when a rebate is in place, this implies
that she will not receive a rebate/bonus D at the end of the year, but D − y. In other words,
the financial gain at the end of the year is reduced from D to D − y. Gains are depicted in
the right half of the quadrant in the figure. Hence, by choosing the treatment, value from
the financial gain is reduced by u(D) − U(D − y). Consequently, the patient accepts treatment
only if treatment utility v > u(D) − u(D − y).
The idea of prospect theory is that value is increasing but less steep in gains than it is in
losses (compared to the status quo), as in Figure 3.4. The figure shows that u(0) − u(−y) >
u(D) − u(D − y). Therefore, there will be treatments that a patient chooses if she faces a
rebate but not under a deductible. These are treatments generating utility v ∈ hu(D) − u(D −
y), u(0) − u(−y)i. Losses (or expenditure under the deductible) have a bigger impact than
gains (or expenditure under the rebate). Further, as the value function is steeper for losses
than for gains, we find a similar effect for treatments with costs y > D. To be precise, the
properties of Figure 3.4 that we need for this result are: (i) the reference/status quo point is
a patient who has paid her premium and who has not used healthcare yet and (ii) financial
utility is steeper for losses than for gains (Kahneman and Tversky, 1979).

3.6.3 Discounting

If there is discounting, an intuitive effect is caused by the difference in timing between rebate
and deductible. With a deductible, the out-of-pocket payment is made when the treatment
is received. Hence, the comparison between expenditure and health benefit is the one in
Equation (3.4). With a rebate, the bonus is received at the end of this period (beginning of
next period). Let r denote the discount rate used by insurers who need to reserve D/(1 + r)
when receiving the premium to be able to pay a bonus D at the end of the period. We denote
the discount rate used by the agent by ra . Then, the comparison for the rebate becomes:
u(w − (σ +

D−y
D
D
D
)+
) + v > u(w − (σ +
)+
).
1+r
1 + ra
1+r
1 + ra

(3.6)

First consider the case where ra = r. Then the D terms drop out in this comparison. The
effect that we are left with is that the price of the out-of-pocket payment equals 1/(1 + r) < 1
with a rebate. As the price falls, people consume more healthcare. This is consistent with the
results we find above.

3.6 mechanisms

An interpretation of ra > r is the finding by Brot-Goldberg et al. (2017) that people are
myopic and do not respond to end-of-year prices in healthcare but rather to spot prices. With
ra = +∞, people do not respond to end-of-year prices at all. In case of the rebate, people
then face a spot price of zero, but with a deductible a spot price of 1. Aron-Dine et al. (2015)
and Einav et al. (2015), however, show that people are partially myopic (ra > 0 but finite).
One reason for such myopia is that people do not know or are not aware that under a rebate,
healthcare expenditure now can affect their income in the next period. With the deductible,
the connection between treatment and payment is more clearly linked and people take this
into account. Again, this is consistent with our findings above.

3.6.4 Liquidity constraints
With discounting, as in Equation (3.6) with r = ra , agents can move their money “freely”
between periods. This is no longer true if agents face liquidity constraints. Again assume
that with the deductible all expenditures are done in the same period (with the same liquidity
constraint), while with a rebate the premium is paid in this period and the rebate is received
in the next period. Liquidity constraints in this form need not create a difference between
expenditure under the rebate and deductible. Under the rebate people pay an additional D
for their insurance premium. If they are prudent enough to set the same amount D aside
under a deductible, they can spend the same on healthcare under both systems.
However, if they are not this prudent and spend more on other (consumption) goods under
the deductible in the first period, they can run into liquidity problems. When they fall ill, they
do not have the resources to pay the out-of-pocket payment with the deductible in this period.
In contrast, with the rebate the out-of-pocket payment has already been sunk in terms of a
higher premium σ. The effect of a reduced bonus only comes in the next period. Hence, the
treatment can be accepted in this period.
As such, a combination of liquidity constraints and a lack of prudence leads to the prediction that healthcare expenditure is higher under a rebate than under a deductible. Moreover,
one expects this effect to be stronger for lower income households as liquidity constraints are
more likely to be binding for them. Indeed, this is what we find in Table 3.6. For the low
income quintiles, the difference between the effects of a rebate and a deductible is bigger than
for high income quintiles.
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0.03
(0.02)
-0.01
(0.02)
0.02
(0.02)
-0.01
(0.02)
0.02
(0.02)

-0.04***
(0.00)
-0.06***
(0.00)
-0.06***
(0.00)
-0.07***
(0.00)
-0.07***
(0.00)

-0.09
(0.06)
-0.02
(0.06)
-0.16***
(0.05)
-0.13**
(0.05)
-0.17***
(0.06)

0.02
(0.02)
-0.04**
(0.02)
0.01
(0.02)
-0.01
(0.01)
-0.03*
(0.02)

-0.05***
(0.00)
-0.08***
(0.00)
-0.09***
(0.00)
-0.09***
(0.00)
-0.10***
(0.00)

-0.10
(0.07)
-0.12*
(0.07)
-0.15***
(0.06)
-0.14**
(0.07)
-0.21***
(0.07)

0.00
(0.03)
-0.02
(0.02)
0.05*
(0.03)
0.01
(0.01)
0.01
(0.02)

-0.09***
(0.00)
-0.12***
(0.00)
-0.14***
(0.00)
-0.14***
(0.00)
-0.15***
(0.00)

-0.46***
(0.08)
-0.21***
(0.07)
-0.25***
(0.05)
-0.22***
(0.05)
-0.17***
(0.05)

-0.01
(0.02)
-0.01
(0.02)
0.01
(0.02)
0.00
(0.01)
-0.03
(0.02)

-0.11***
(0.00)
-0.14***
(0.00)
-0.16***
(0.00)
-0.16***
(0.00)
-0.17***
(0.00)

-0.29***
(0.09)
-0.23***
(0.07)
-0.30***
(0.07)
-0.23***
(0.06)
-0.25***
(0.06)

Estimated δ
(deductible)
OLS
FE

0.803

0.163

0.164

0.883

0.485

0.000

0.000

0.000

0.000

0.000

0.954

0.106

0.064

0.001

0.000

0.951

0.390

0.981

0.167

0.374

0.000

0.000

0.000

0.000

0.000

0.666

0.179

0.041

0.147

0.014

p-value of
test γ=δ
OLS
FE

96

93

94

94

92

28

26

24

20

14

398

395

402

406

409

Mean
expenditure

1,362,477

1,395,225

1,350,469

1,244,994

1,264,843

1,362,477

1,395,225

1,350,469

1,244,994

1,264,843

1,362,477

1,395,225

1,350,469

1,244,994

1,264,843

Observations

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and *** indicate significance based on
a two-sided test at the .10, .05, and .01 levels, respectively. OLS denotes ordinary least squares estimation, and FE individual fixed effects
estimation. The table shows the estimated coefficients of γ and δ.The estimated coefficients of the other variables are available upon request.

Quintile 5 (highest)

Quintile 4

Quintile 3

Quintile 2

Pharmaceutical care
Quintile 1 (lowest)

Quintile 5 (highest)

Quintile 4

Quintile 3

Quintile 2

Physiotherapy
Quintile 1 (lowest)

Quintile 5 (highest)

Quintile 4

Quintile 3

Quintile 2

Hospital care
Quintile 1 (lowest)

Estimated γ
(rebate)
OLS
FE

Table 3.8: Estimated coefficients γ and δ for household income quintiles and healthcare categories
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3.6 mechanisms

Note that even if agents are prudent, liquidity constraints may still lead to higher healthcare expenditure under a rebate scheme than under a deductible if we consider more subperiods. Marzilli Ericson and Sydnor (2018) introduce a model where health insurance premiums and out-of-pocket payments can be paid on a monthly basis. If a liquidity constrained
agent faces high out-of-pocket payments, e.g. she exhausts her deductible entirely, at the beginning of the year, then she may not have been able to put aside the full amount D. In the
Dutch context, this is less likely as health insurers tend to offer payment plans for people who
cannot pay their bills in full at once. They can then distribute the out-of-pocket payment over
multiple months, which smooths out the out-of-pocket payment shock over the year.

3.6.5 Drawing conclusions from our results
We cannot pinpoint exactly which of the mechanisms above contributes most to the difference
between the rebate and deductible, but our data and results offer some suggestions. We
do an additional analysis in which we consider three healthcare categories and five income
classes. We have chosen the three categories with the following (tentative) interpretation in
mind. Hospital care is expensive and often seen as high value care. If there are binding
budget constraints for low income people, one would expect to see this for hospital care.
Physiotherapy tends to be cheap and people can judge for themselves whether it is working
or not and to which extent it relieves problems that they face. Hence, financial incentives
can play a role when a patient considers whether to go for a 7th or 8th session with her
physiotherapist. Finally, pharmaceutical care in the Netherlands can only be bought when
prescribed by a physician. It is harder for a patient to judge the value of taking a certain drug
but the fact that it is prescribed by a physician may give the idea of high value care at an
(often) relatively low price.
Since pharmaceutical care and physiotherapy are low cost, we do not expect budget constraints to play a role. Hence, the reaction to rebate and deductible should be similar for low
and high income quintiles. For prospect theory and discounting there is a range of treatment
values such that treatment is accepted under the rebate but not the deductible. As we view
drugs prescribed by a physician to be high value care, we expect most treatment values to lie
above the critical value for the deductible. Hence, the switch between rebate and deductible
should not have much effect on the use of drugs. As physiotherapy sessions continue, the
incentive to stop (early) will tend to be higher under a deductible than under a rebate; both
under prospect theory and a model with discounting. If for hospital care budget constraints
are important, we expect the difference between the rebate and deductible effects to be bigger
for low income than high income people.
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Table 3.8 shows the coefficients γ, δ for these different healthcare categories and income
quintiles. There is basically no significant effect of the deductible or rebate on pharmaceutical expenditures for any income quintile. This is in line with our interpretation above that
pharmaceutical care is good value for money. For physiotherapy the effects are significant
and for each income quintile the effect is stronger for the deductible than for the rebate. The
difference between the deductible and rebate effect is around 0.07 for each income category.
This is in line with prospect theory or discounting. For hospital care, the difference between
the deductible and the rebate effect is big and significant for the lowest income quintile but
not significant for the highest quintile (and the others in between). This suggests that liquidity
constraints play a role. Focusing on the fixed effect estimations, the difference in the effects is
approximately 0.20 for Quintile 1 and 0.04 (and insignificant) for Quintile 5.
Although more analysis is needed here on more detailed data than we have access to, we
find the following tentative results. For physiotherapy there is a difference between the rebate
and deductible that is consistent with either prospect theory or discounting. For hospital care,
there are indications that budget constraints cause low income people to consume less of it
under a deductible than a rebate.

3.7

robustness analyses

In this section, we test the robustness of our results by checking a number of our assumptions,
performing different sample selections, rescaling variables to analyze possible price level effects and documenting fictional discontinuities. On the whole, we find that our result – a
deductible is more effective in reducing healthcare expenditure than a rebate of similar size –
is robust.

3.7.1 Functional forms and bandwidths
In Section 3.5, we assume that expenditure is linear in age allowing for a different slope before
(β) and after (β 0 ) the discontinuity. The fit of the estimated model to the raw data, as presented
in Figure 3.5, shows that this linear specification is appropriate. To get the best specification,
we formally test for five other functional forms: no age specification, linear, quadratic, as
well as these forms including an interaction allowing for a different slope before and after the
discontinuity.37
37 Table

3.A.6 presents the results of the different functional forms. We also tested the cubic, quartic, and quintic
forms but do not report these as they do not improve the specification.
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Figure 3.5: Model fit to raw data

To identify the best functional form, we follow Jacob et al. (2012) and Lee and Lemieux
(2010) and estimate the simplest functional form –no age specification– up to the most flexible form.38 Appendix 3.A.6 and 3.A.7 show the results for ordinary least squares and fixed
effects estimations respectively of year-by-year model (3.3) for five different functional forms
and a one-, two-, three-, and five-year age bandwidth. The results in bold indicate the best
specification given a bandwidth. The linear specification with an interaction term is the best
functional form for a two- and three-year age bandwidth, so we choose this functional form
as our baseline specification. Given the narrow bandwidth, it makes sense that a linear specification performs best. Appendix 3.A.6 and 3.A.7 also show that a quadratic specification
with interaction term is best for a five-year age bandwidth. Our findings are very similar for
the five-year age bandwidth and overall, the coefficients are quite stable throughout different
bandwidths and functional forms.
The results of model (3.2) are also stable when different age bandwidths are used. The
difference between the effect of the rebate and the deductible is at least 13 cents and always
significant at 1% significance level across all specifications in Table 3.9. Our conclusion that
the deductible has a bigger effect on consumption than a rebate of a similar magnitude is
robust with respect to our bandwidth choice.
38 Jacob

et al. (2012) and Lee and Lemieux (2010) argue that each functional form must be estimated twice: once
‘normally’, as described above (restricted model), and once including age dummies (unrestricted model). If the
latter model significantly improves the former, then this means that the restricted model is too limited and a more
flexible model is baseline. This process must be repeated until the unrestricted model is no longer better than
the restricted model in the sense that an F-test, which tests whether the age dummies are jointly significant, is no
longer significant (Jacob et al., 2012).
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Table 3.9: Results of scaled estimations for multiple bandwidths
16-20 year olds
OLS
FE
γ (rebate)
δ (deductible)
Age centered
Age centered * male
Age centered * treatment
Age centered * treatment * male
Year dummies
Individual fixed effects
Constant
Observations
R2

-0.14***
(0.04)
-0.37***
(0.04)
Yes
Yes
Yes
Yes
Yes
No
Yes
4,386,799
0.000

-0.25***
(0.05)
-0.46***
(0.05)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
4,386,799
0.726

15-21 year olds
OLS
FE
-0.17***
(0.03)
-0.40***
(0.03)
Yes
Yes
Yes
Yes
Yes
No
Yes
6,678,669
0.000

-0.27***
(0.03)
-0.45***
(0.03)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
6,678,669
0.691

13-23 year olds
OLS
FE
-0.25***
(0.02)
-0.39***
(0.02)
Yes
Yes
Yes
Yes
Yes
No
Yes
11,045,569
0.001

-0.28***
(0.02)
-0.42***
(0.02)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
11,045,569
0.641

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and ***
indicate significance based on a two-sided test at the .10, .05, and .01 levels, respectively. OLS denotes ordinary
least squares estimation and FE individual fixed effects estimation (see Equation (3.2)). The dependent variable
yit is the same as in Table 3.5. The difference between γ and δ is significant at a 1% significance level across
all specifications. Other coefficients are available upon request.

3.7.2 Balancing tests
An important assumption for our empirical strategy is that discontinuities at the age of 18,
other than the rebate or deductible, may occur as long as they are constant over time (see
Section 3.4). Below we show important potential causes of discontinuities at 18, revealing that
they are indeed constant over time, and therefore do not invalidate our design.
The first potential factor is the share of persons moving at 18. Many students in the
Netherlands graduate from secondary education (‘voortgezet onderwijs’) at 18 and continue
their education at university. Within this group, a relatively large share moves out of their
parental home. Moving out often coincides with changes in income, (financial) independence,
and life style, which may affect healthcare expenditure. Our data show a small jump in the
number of people who move at 18, compared with 17. However, this jump is constant over
time and will therefore not affect our results. To prove this with our data, we exclude all
people from our sample who at one point moved between 2006 and 2013 and reestimate our
model. The results are reported in Appendix 3.A.8. The estimated coefficients do not change
much: for fixed effects estimation the effect of the rebate is -0.27 and for the deductible 0.44 when persons who move are excluded, compared to -0.27 and -0.45 for the baseline
specification.
Statistics Netherlands offers population data on education levels of individuals by age and
year.39 Appendix 3.A.9 reports the share of individuals at each level of education: secondary
39 We

can use and compare these data with our own data, because they are both based on the whole Dutch population, but are not allowed to merge the datasets.
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education, vocational education, university of applied sciences and university.40 Again, there
are differences for persons below 18 and above 18 years old, but these are not very different
between 2006 – 2007 and 2008 – 2013.

3.7.3 Sample selections
As described in Section 3.3 several groups of persons and healthcare categories are excluded
from the baseline specification: persons who choose a voluntary deductible at least once
between 2006 and 2013, persons who have any mental healthcare costs between 2006 and
2013, and dental costs.
To test the impact of excluding persons with any mental healthcare on our results, we
reestimate our baseline regression including these individuals, but excluding their mental
healthcare expenditures. Recall from Section 3.3 and Appendix 3.A.1 that coverage of mental
healthcare in the basic package has varied substantially over time. Hence, comparing healthcare expenditures including mental care expenditures over time may give misleading results.
The results are reported in Appendix 3.A.8. The fixed effects coefficients are very robust: the
effect of the rebate (γ) is -0.26 and the effect of the deductible (δ) is -0.48, compared to -0.27
and -0.45 of the baseline specification. The individual fixed effects pick up differences in netrebate or net-deductible after mental care expenditures have been accounted for. The ordinary
least squares estimates are affected by introducing users of mental care: we find a coefficient
of -0.23 for the rebate and -0.32 for the deductible. The differences between γ and δ are for
ordinary least squares estimation as well as fixed effects estimation highly significant at a 1%
significance level.
To illustrate the problem of changes in coverage over time and motivate why we excluded
dental costs from our dependent variable, let’s consider these costs. In 2008, 2009 and 2010
the deductible for dental care did not kick in at 18 but at 21. If we estimate the year-byyear model (3.3) for healthcare expenditure including dental costs, this change in coverage is
clearly visible. To understand the pattern of estimated coefficients, consider Figure 3.6. This
simple illustration is drawn under the following assumptions. First, for the ages illustrated
in the figure, everyone has the same dental expenditure if they face the same cost-sharing
(ignoring possible interaction effects with other healthcare expenditure). Hence, below 18 we
see a parallel shift upwards in expenditure if we include dental care: from the blue dots to
the green squares. In the years 2008, 2009, 2010, the deductible for dental care kicked in at 21
(instead of 18). Hence, the difference between the blue dots and the red diamonds at ages 19
40 In

Dutch secondary education is ‘voorgezet onderwijs,’vocational education is ‘middelbaar beroepsonderwijs,’
university of applied sciences is ‘hoger beroepsonderwijs,’ and university is ‘wetenschappelijk onderwijs.’ These
education levels do not overlap, e.g. university of applied sciences and university are two different levels.
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and 20 is equal to the difference for the below 18s. From 21 onwards, the deductible for dental
care causes a fall in dental costs. In the years 2006, 2007, 2011, 2012, 2013, the deductible
for dental care coincided with the normal deductible at 18. This is indicated by the purple
crosses, which coincide with the red diamonds for ages 21 and older. Hence comparing our
results without dental care in Table 3.7 with the table in Appendix 3.A.10 that includes dental
care we see the following pattern. For the years 2008, 2009, and 2010, when the ‘dental care
deductible’ kicked in at 21, we find comparable year effects in the fixed effect estimation
between an estimation with and without dental costs. But for the other years, the differences
are at least equal to 100 euros: the difference between the green squares and the purple crosses
in Figure 3.6. Note that comparing the years 2006 and 2007 with 2012 (when cost-sharing was
comparable in magnitude), the effect is bigger with a deductible than with a rebate also when
including dental costs. Persons who choose at least once a voluntary deductible are also
omitted from the baseline model. Including them in the analysis does not change the results:
for fixed effects estimation, we find a γ coefficient of -0.26 and a δ coefficient of -0.44. The
difference between γ and δ is significant at a 1% significance level. The difference between γ
and δ becomes larger for ordinary least squares estimation: γ is -0.16 and δ is -0.50.

Figure 3.6: Illustration of healthcare expenditure with and without dental costs for different years

3.7.4 Anticipatory behavior
The identification strategy in this paper exploits that persons below the age of 18 do not face
the rebate or deductible and therefore can be used as a control group. However, persons at the
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age of 17 may already anticipate to the rebate and deductible by consuming more healthcare
consumption before they turn 18, when it is still free. Anticipatory behavior or timing of
healthcare consumption in response to cost-sharing is established and can be substantial (see
for example Einav et al. (2015) for Medicare Part D, and Cabral (2013) for dental care in the
United States). And this anticipatory behavior could be different for a rebate than a deductible.
We expect that anticipatory behavior will be at its highest in the year that persons turn 18. This
is one of the reasons why in our baseline specification we remove from our data persons who
turn 18 in a given year. As an additional robustness check, we also exclude persons who
turn 17 in a given year. Appendix 3.A.8 shows the results of estimations of Equation (3.2) in
which 17 and 18 year olds are excluded from the sample. δ is significantly higher than γ at
a 1% significance level for both ordinary least squares and fixed effects estimation and thus,
anticipatory effects at 17 do not explain the different effects between a rebate and deductible.
For ordinary least squares we find γ is -0.11 and δ is -0.33 and for fixed effects estimation we
find γ is -0.23 and δ is -0.40.

3.7.5 Price level effects
In our analysis, we estimate the effects of the rebate and deductible over the years 2006 up
to 2013. Treatment prices may vary over these years. To illustrate, prices fall with the introduction of generic drugs and prices tend to rise when an old treatment is replaced by newly
developed drugs. In principle, time fixed effects will correct for price changes. To check if
somehow price changes still bias the results over the years, we perform the following test.
We scale each year’s health expenditures with the ratio of average healthcare expenditure
for 17 year olds in that year and the average healthcare expenditure of 17 year olds for all
years (unfortunately we do not have treatment prices in our data and cannot perfectly adjust
them). To illustrate, the average health expenditures of 17 year olds in 2006 are 0.8 times
the average healthcare expenditures of 17 year olds between 2006 and 2013. Assuming that
treatment quantities did not change (much) for 17 year olds over the years, prices were relatively low in 2006. The idea is that the development of expenditures for 17 year olds is not
affected by the development of rebate and deductible and represents a “truer” price effect.
We divide the healthcare expenditures for all age groups in 2006 by 0.8 and similarly for other
years. Appendix 3.A.11 shows the results of the estimation with these rescaled variables. The
differences between the coefficients of the rebate and the deductible remain.
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3.7.6 Fictional discontinuities
A regression discontinuity design should only measure an effect on healthcare expenditure at
18 with the switch from no-treatment to treatment group. If our specified model (3.3) works
properly it should therefore only pick up an effect at the actual discontinuity at 18, not at
other ages. We ran our model numerous times assuming fake or placebo discontinuities, at
other ages than 18.41 For example, in Appendix 3.A.12 we show the estimation results when
we assumed a discontinuity at age 24. Of course, we know that there was no discontinuity at
that age, and, as expected, our model should not pick up any effects. In contrast to our results
in the paper, we find only small coefficients with positive as well as negative signs. Moreover,
except for 2008, all coefficients are insignificant for the fixed effects estimation. In Appendix
3.A.13, the τt coefficients are graphically shown for multiple fictional discontinuities from
ages 10 to 50 and for all years 2006 up to 2013.42 The figure shows variation in the estimated
coefficients for the placebo tests. The coefficients of the real discontinuity, at 18, are clearly
distinguishable from the placebo discontinuities. These results suggest that our estimates in
the paper are strongly related to the discontinuity of the deductible or rebate at age 18.

3.8

concluding remarks

In this study, we compare the effect of the rebate (in 2006 and 2007) and the deductible (from
2008 to 2013) on healthcare spending of 18 year olds in the Netherlands. Our main result is
that people respond in significantly different ways to a rebate than to a deductible: one euro
of a rebate reduces healthcare expenditures by 18 cents less than one euro of a deductible. The
results are also robust to multiple specifications of the model and not driven by anticipatory
or price level effects. Our difference-in-differences approach relies on a discontinuity at the
age of 18. Hence, our estimated effects are local and apply to 18 year olds. They may not be
generalized to other ages or the whole population.
Three possible explanations for these results are discussed in this paper: prospect theory,
discounting, and liquidity constraints. With our data and analyses we cannot determine which
of these explanations contributes most to the differences we find. However, our comparisons
of persons living in an area with the lowest and highest average household income quintile
suggest that liquidity constraints can be important for hospital care. Persons with a high
41 To

clarify, the analyses in this section are solely a test of the specification of our model. We do not conduct a real
placebo test in the sense that we used a control group.
42 We did not include placebo discontinuities in the bandwidth of our baseline specification, from 15 to 21, as they
may pick up the effect at 18.

3.8 concluding remarks

income (no liquidity problems expected) do not respond in significantly different ways to
the rebate or deductible, whereas persons with a low income do. The latter do not respond
strongly to the rebate but do respond strongly to the deductible.
This study, together with the work of Stockley (2016) and Newhouse and the Insurance Experiment Group (1993), is important for policy making in healthcare as it compares different
cost-sharing designs. Small differences in the design of cost-sharing schemes lead to significantly different effects on healthcare expenditures. We do not determine the optimal form of
cost-sharing as we cannot measure the effects of the rebate and deductible on welfare, health
status, or quantity of care, nor can we determine with any precision whether people reduce
wasteful or valuable care. Our results suggest that if policymakers’ priority is to reduce expenditure and to offer a low health insurance premium, then a deductible is more effective than a
rebate. Nevertheless, policymakers may favor a rebate if they are concerned that a deductible
discourages (low income) individuals from using necessary care.
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Stephan Neijenhuis, Joseph Newhouse, Mieke Reuser, Martin Salm, Daniëlle WillemseDuijmelinck, and seminar participants at EuHEA in Hamburg, 2016 and colleagues at the
CPB Bureau for Economic Policy Analysis.

103

104

cost-sharing design matters

3.a

appendix

3.a.1

Overview of policy changes between 2006 and 2013

Year

Policy change

2006

Introduction of managed competition ‘Health Insurance Act’ (Zvw)

2006

Agreement to curb pharmaceutical costs (extension of ‘preferentiebeleid geneesmiddelen’)

2006

Introduction of rebate of 255 euros

2007

Abdominoplasty (for severe cases) is included in basic package

2007

Psychotherapy (for severe cases) is included in basic package

2007

First IVF treatment (of maximum 3) is included in basic package

2008

Introduction of mental healthcare in ‘Health Insurance Act’ (Zvw)

2008

Contraceptives are included in the basic package

2008

Limited dental care for 18 to 22 year olds included in basic package. The deductible does not apply to dental care.

2008

Five hours of extra maternity care are included in basic package

2008

The first 8 sessions of psychological counseling are included in the basic package
plus co-payment of 10 euros per session

2008

Introduction deductible of 150 euros

2009

Chairs to help a person stand up (‘sta op stoelen’), strollers, and anti-allergen
matress covers removed from the basic benefit package

2009

Reimbursement for statins limited

2009

Sleeping pills and tranquilizers removed from the basic package

2009

Severe dyslexia diagnostics and treatment for 6 and 7 year olds included in basic
package

2009

Increase of deductible to 155 euros

2010

Introduction of diagnosis treatment combinations (DBCs)

2010

Acetylcysteine removed from basic package

2010

Lowering of registration fee for general practitioner

2010

Severe dyslexia diagnostics and treatment for 9 year olds included in basic package

2010

More precise requirements about reimbursement of IVF treatments

2010

Maximal reimbursement of wigs increases from 294 euros to 374 euros

2010

MRA machine is reimbursed in specific cases

2010

Reimbursement of devices to ease breathing in specific cases included

2010

Anti-snoring device (‘snurkbeugel’) included in basic package for specific cases

2010

Increase of deductible to 165 euros

2011

Contraceptives for individuals aged over 21 years removed from the basic benefit
package

2011

Dental care for 18 to 21 year olds removed
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2011

Stricter indication for anti-depressants

2011

Physiotherapy limited: patient must pay for first 12 sessions (it used to be the first
8 sessions)

2011

Physical therapy for urine incontinence included in basic package

2011

Uncomplicated dental extraction by dental surgeon removed from basic package

2011

Quit smoking treatments included in basic package

2011

Increase of deductible to 170 euros

2012

Additional deductible for specialist mental healthcare introduced

2012

Gastricacid blockers removed from basic package

2012

Physiotherapy (first 20 sessions) removed from basic package

2012

Treatments to quit smoking removed from basic package

2012

Dietary advice removed from basic package

2012

Treatment of adjustment disorders (mental healthcare) removed

2012

Primary psychological care reduced from 8 to 5 sessions

2012

Increase of deductible to 220 euros

2013

Paracetamol-codeine combination medication removed

2013

Co-payment of 25% for hearing aids introduced to replace the fixed fee of 500
euros

2013

Co-payment of 7.50 euros per day for ‘hotel’ costs in hospital or other overnight
stay

2013

Simple walking aids removed from basic package

2013

Repositioning helmet for babies removed from basic package

2013

Treatments to quit smoking included

2013

Co-payments for specialist mental healthcare abolished

2013

IVF treatment for women aged 43 years and over removed from basic package

2013

Geriatric rehabilitation care switched from Exceptional Medical Expenses Act
(AWBZ) to Health Insurance Act (Zvw)

2013

Increase of the deductible to 350 euros

Notes: This list is an adaptation of: Kroneman, M., and De Jong, J.D., 2015. The basic benefit
package: composition and exceptions to the rules. A case study. Health Policy 199, 245-251. We
have emphasized those policy changes important to our study.
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3.a.2

Descriptive statistics of full sample after cleaning

Total healthcare expenditure (€)
Hospital care (€)
Physiotherapy (€)
Pharmaceutical care (€)
Mental healthcare (€)
Dental care (€)
Other care with cost-sharing (€)
Other care without cost-sharing (€)
Age (years)
Male (frac.)
Voluntary deductible (frac.)
Diagnosis cost-related group (frac.)
Pharmaceutical cost-related group (frac.)
Household income quintile
Number of observations

Mean

Minimum

Maximum

1,966
(6,414)
1,101
(4,838)
28
(208)
299
(1,381)
184
(2,863)
40
(221)
155
(917)
159
(281)
41
(23)
0.49
(0.50)
0.04
(0.21)
0.06
(0.24)
0.22
(0.41)
3.08
(1.40)
126,987,098

0

2,253,745

0

2,234,379

0

34,796

0

728,415

0

1,217,864

0

28,002

0

951,926

0

152,028

0

115

0

1

0

1

0

1

0

1

1

5

Notes: Standard deviations are reported between parentheses. The category ‘other
care with cost-sharing’ includes costs of paramedical care, medical aids, transportation costs of patients, care that is provided over the Dutch borders, geriatric revalidation, and other healthcare costs that do not apply to any of the cost categories
listed in Table 3.2. The category ’other care without cost-sharing are maternity care,
obstetrical care, primary mental healthcare support and GP care. The sum of hospital care, physiotherapy, pharmaceutical care and other care with cost-sharing is
used as the dependent variable in the main specification. Household income is the
average standardized disposable household income. Quintile 1 is the lowest quintile and Quintile 5 is the highest quintile.
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3.a.3

Data cleaning procedure

We clean our data set by excluding persons with a missing (pseudonymized) social security
number, an invalid zip code, or a missing or invalid health insurance registration period.43
We exclude observations with other administrative errors: individuals with negative healthcare expenditures and individuals with errors in their age pattern over time. In total, we
remove 6,073,106 observations from our data which corresponds to 4% of the total number of
observations.
Appendix 3.A.2 reports descriptive statistics of our data after cleaning. The data consist of
127 million observations over eight years, of which 49% is male and 4% of the population has
opted for a voluntary deductible between 2006 and 2013. On average, 6% of the population
is classified in the risk equalization as having a chronic disease and 22% a chronic user of
medication.44 The mean household income quintile is 3.08.45 On average, a person in our
data has 1,966 euros of healthcare expenditure. The standard deviation is large, because
the distribution of healthcare expenditure is highly skewed. The majority of persons in our
data has no or very little healthcare expenditures, while a small number of individuals has
very high expenditures. Expenditures also differ substantially per healthcare category: the
average expenditures are highest for hospital care, with 1,101 euros per person, and lowest for
physiotherapy, with an average of 28 euros per person.

43 The

registration period is usually one year, because health insurance is compulsory and an individual can only
switch in January of a given year. In some cases, an observation can have a shorter registration period if the
enrollee migrates or dies. We exclude persons with a registration period of more than one year.
44 The definition of diagnosis cost-related group has changed in the period of our data. The definition expanded,
which increased the share of persons with a DCG. DCG is short for diagnosis cost group (‘diagnosekostengroep’)
and indicates whether a person had high healthcare costs in the previous years. PCG is an abbreviation of
pharmaceutical cost group (‘farmaciekostengroep’) and indicates whether a person is a chronic user of medication.
45 That is, after cleaning the mean quintile is not exactly (5 + 1)/2 = 3.
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3.a.4

Density functions expenditures

Healthcare expenditure between 0 and 1, 000 euros

Healthcare expenditure between 150 and 450 euros
Figure 3.7: Cumulative density distributions of healthcare expenditure with
cost-sharing of 18 – 65 year olds

3.a appendix

3.a.5

Standard errors for different clusters

τt (rebate)
2006
2007
τt (deductible)
2008
2009
2010
2011
2012
2013

(1)

(2)

(3)

(4)

13.3
11.2

5.8
5.3

8.2
6.4

10.9
9.5

9.7
8.4
9.0
10.1
14.9
15.6

7.3
6.7
5.3
6.1
9.6
5.9

6.4
7.5
7.0
7.3
10.0
10.1

8.7
7.9
8.2
9.3
12.2
12.3

Notes: The analyses that were conducted for this table are
the same as Table 3.7, column (2), but vary in the way we
clustered the standard errors. For all four columns, the coefficients of τt are the same as in column (2) in Table 3.7.
All analyses include fixed effects and the dependent variable yit is the same as in Table 3.7. (1) is estimated with
standard errors clustered by individuals, (2) clustered by
age, (3) clustered by age cohort (age x birth year) and (4)
clustered by individual x age.
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3.a.6

Results of year-by-year estimation for 4 age bandwidths and 5 functional forms (OLS)

17-19
year olds

16-20
year olds

15-21
year olds

13-23
year olds

17-19
year olds

16-20
year olds

2006
(1)
(2)

0.57
(13.28)
-

(3)

-

(4)

-

(5)

-

(1)
(2)

-0.33
(12.62)
-

(3)

-

(4)

-

(5)

-

47.24***
(8.62)
-59.03***
(11.62)
-58.55***
(11.60)
-58.57***
(11.60)
-

83.24***
(6.90)
-57.13***
(8.87)
-56.47***
(8.85)
-56.53***
(8.85)
-57.40***
(16.11)

119.99***
(5.36)
119.99***
(5.36)
-71.92***
(6.68)
-70.74***
(6.63)
-70.92***
(6.63)

-0.03
(12.60)
-

55.55***
(7.43)
-84.07***
(9.04)
-83.25***
(9.03)
-83.34***
(9.03)
-84.23***
(15.95)

105.02***
(5.42)
105.02***
(5.42)
-88.17***
(6.52)
-87.14***
(6.48)
-87.31***
(6.48)

-39.18***
(12.87)
-

-

38.87***
(8.64)
-66.27***
(11.42)
-66.31***
(11.42)
-66.06***
(11.41)
-

(2)

-23.25**
(11.23)
-

-

(3)

-

(4)

-

(5)

-

(1)
(2)

-77.81***
(18.83)
-

(3)

-

(4)

-

(5)

-

119.77***
(5.12)
119.77***
(5.12)
-75.31***
(6.32)
-75.07***
(6.32)
-75.09***
(6.32)

-21.49*
(12.27)
-

22.24**
(9.22)
-119.69***
(11.21)
-119.47***
(11.21)
-119.47***
(11.21)
-120.56***
(17.21)

94.55***
(7.00)
94.55***
(7.00)
-99.88***
(8.03)
-99.51***
(8.03)
-99.51***
(8.03)

-40.27***
(14.18)
-

-

6.83
(8.30)
-99.52***
(10.89)
-99.21***
(10.88)
-99.24***
(10.88)
-

2012
-14.54
(11.96)
-120.84***
(15.10)
-120.92***
(15.12)
-120.94***
(15.12)
-

115.84***
(5.54)
115.84***
(5.54)
-77.04***
(6.57)
-76.55***
(6.53)
-76.43***
(6.52)

42.57***
(6.80)
-97.86***
(8.26)
-97.41***
(8.26)
-97.46***
(8.26)
-98.41***
(15.52)

108.96***
(5.10)
108.96***
(5.10)
-85.76***
(6.24)
-85.34***
(6.23)
-85.42***
(6.23)

2011
45.90***
(6.57)
-95.52***
(8.10)
-95.20***
(8.10)
-95.26***
(8.10)
-96.16***
(15.40)

2.06
(7.94)
-103.77***
(10.52)
-103.37***
(10.51)
-103.40***
(10.51)
-

71.22***
(7.38)
-68.98***
(9.10)
-68.86***
(9.09)
-68.56***
(9.08)
-70.35***
(15.83)
2009

10.24
(8.37)
-94.82***
(11.01)
-94.48***
(11.01)
-94.51***
(11.01)
-

2010
(1)

13-23
year olds

2007

2008
18.30*
(9.56)
-86.47***
(11.90)
-85.87***
(11.89)
-85.89***
(11.89)
-

15-21
year olds

43.26***
(6.58)
-99.53***
(8.45)
-99.35***
(8.45)
-99.40***
(8.45)
-100.29***
(15.46)

115.18***
(5.46)
115.18***
(5.46)
-79.97***
(6.39)
-79.75***
(6.39)
-79.73***
(6.39)

2013

-

-27.32***
(10.21)
-132.81***
(12.35)
-132.64***
(12.35)
-132.67***
(12.36)
-

3.53
(8.76)
-136.88***
(9.80)
-136.71***
(9.79)
-136.74***
(9.79)
-137.74***
(16.46)

59.83***
(6.66)
59.83***
(6.66)
-133.72***
(7.38)
-133.21***
(7.39)
-133.24***
(7.39)

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and ***
indicate significance based on a two-sided test at the .10, .05, and .01 levels, respectively. The dependent variable
yit is the same as in Table 3.7. OLS estimations are performed for 4 age bandwidths and 5 functional forms.
Estimations in bold indicate the best specification. For a 2 and 3-year age bandwidth, the F-test, testing for the
best functional form, showed the linear model with an interaction to be the best model, with p-values of 0.248
and 0.080 respectively. For a 5-year age bandwidth, the quadratic model with an interaction, with a p-value of
0.059. Model (1) does not include any age specification. Model (2) is a linear specification, (3) is linear with
interactions, (4) and (5) are quadratic specifications without and with interactions, respectively. Cubic, quartic
and quintic models were also estimated but they did not improve the specification. Specifications that include
an interaction allow for a different slope before and after the discontinuity.
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3.a.7

Results of year-by-year estimation for 3 age bandwidths and 5 functional forms (FE)

16-20
year olds

15-21
year olds

13-23
year olds

16-20
year olds

2006
(1)
(2)
(3)
(4)
(5)

-39.40**
(18.49)
-39.40**
(18.49)
-70.62***
(20.73)
-70.62***
(20.73)
-

-41.99***
(11.22)
-41.98***
(11.22)
-72.25***
(13.28)
-69.76***
(13.31)
-70.42***
(20.09)

-67.74***
(13.84)
-67.72***
(13.84)
-74.84***
(14.11)
-74.84***
(14.11)
-

-70.16***
(9.31)
-70.14***
(9.31)
-83.36***
(9.67)
-82.41***
(9.67)
-82.28***
(17.14)

(2)
(3)
(4)
(5)

-53.53***
(7.22)
-53.51***
(7.22)
-86.92***
(9.78)
-71.67***
(9.83)
-72.83***
(12.61)

-49.22***
(15.95)
-49.20***
(15.95)
-68.23***
(17.02)
-68.23***
(17.02)
-

-56.32***
(10.03)
-56.30***
(10.03)
-78.55***
(11.19)
-76.60***
(11.18)
-77.49***
(18.24)

-68.74***
(6.60)
-68.72***
(6.60)
-86.44***
(6.98)
-78.25***
(6.95)
-79.02***
(9.61)

-81.86***
(12.61)
-81.86***
(12.84)
-83.06***
(12.84)
-83.06***
(12.84)
-

-73.85***
(8.52)
-73.86***
(8.52)
-79.36***
(8.44)
-78.91***
(8.43)
-78.96***
(16.64)

(2)
(3)
(4)
(5)

-88.22***
(13.63)
-88.24***
(13.62)
-89.08***
(13.60)
-89.08***
(13.60)
-

-82.54***
(8.89)
-82.57***
(8.89)
-79.23***
(9.03)
-79.53***
(9.03)
-79.25***
(16.87)

-151.72***
(23.52)
-151.74***
(23.52)
-133.62***
(24.23)
-133.62***
(24.23)
-

-146.39***
(14.00)
-146.38***
(14.00)
-124.74***
(14.91)
-126.58***
(15.07)
-125.58***
(22.13)

(2)
(3)
(4)
(5)

-77.61***
(6.17)
-77.62***
(6.17)
-84.43***
(6.06)
-81.32***
(6.02)
-80.19***
(8.86)

2011
-83.69***
(6.10)
-83.71***
(6.10)
-78.71***
(6.33)
-81.08***
(6.37)
-77.70***
(9.35)

-92.88***
(14.29)
-92.89***
(14.29)
-87.23***
(14.62)
-87.23***
(14.62)
-

-104.59***
(9.36)
-104.59***
(9.36)
-92.60***
(10.09)
-93.48***
(10.13)
-93.28***
(18.03)

-130.25***
(8.73)
-130.26***
(8.73)
-104.12***
(10.15)
-116.25***
(10.50)
-109.14***
(13.44)

-186.49***
(26.17)
-186.51***
(26.17)
-155.88***
(27.77)
-155.88***
(27.77)
-

-183.12***
(13.93)
-183.12***
(13.93)
-153.29***
(15.55)
-155.69***
(15.76)
-154.74***
(22.91)

2012
(1)

-62.84***
(6.84)
-62.82***
(6.84)
-89.92***
(8.24)
-77.37***
(8.18)
-79.68***
(10.90)

2009

2010
(1)

13-23
year olds

2007

2008
(1)

15-21
year olds

-99.71***
(6.23)
-99.72***
(6.23)
-83.47***
(7.27)
-91.04***
(7.43)
-85.64***
(10.76)

2013
-164.98***
(8.48)
-165.00***
(8.48)
-132.09***
(10.94)
-147.08***
(11.33)
-140.58***
(13.93)

Notes: Standard errors are reported between parentheses and clustered at the individual level. *,
**, and *** indicate significance based on a two-sided test at the .10, .05, and .01 levels, respectively.
The dependent variable yit is the same as in Table 3.7. FE estimations are performed for 3 age
bandwidths and 5 functional forms (a one year bandwidth could not be estimated, using fixed
effects). Estimations in bold indicate the best specification. For a 2 and 3-year age bandwidth,
the F-test, testing for the best functional form, showed the linear model with an interaction to
be the best model, with p-values of 0.692 and 0.824 respectively. For a 5-year age bandwidth,
the quadratic model with an interaction, with a p-value of 0.859. Model (1) does not include
any age specification. Model (2) is a linear specification, (3) is linear with interactions, (4) and
(5) are quadratic specifications without and with interactions, respectively. Cubic, quartic and
quintic models were also estimated but they did not improve the specification. Specifications
that include an interaction allow for a different slope before and after the discontinuity.
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-0.27***
(0.03)
-0.27***
(0.04)
-0.26***
(0.04)
-0.26***
(0.03)
-0.23***
(0.04)

-0.17***
(0.03)
-0.16***
(0.03)
-0.23***
(0.03)
-0.16***
(0.03)
-0.11***
(0.04)

-0.33***
(0.04)

(0.03)
-0.50***
(0.03)

-0.40***
(0.03)
-0.37***
(0.03)
-0.32***

-0.40***
(0.05)

(0.03)
-0.44***
(0.03)

-0.45***
(0.03)
-0.44***
(0.04)
-0.48***

Estimated δ
(deductible)
OLS
FE

0.000

0.000

0.002

0.000

0.000

0.000

0.000

0.000

0.000

0.000

p-value of
test γ=δ
OLS
FE

563

526

628

565

568

Mean
expenditure

5,590,653

8,003,258

7,800,808

6,118,215

6,678,669

Observations

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and *** indicate
significance based on a two-sided test at the .10, .05, and .01 levels, respectively. OLS denotes ordinary least squares
estimation and FE individual fixed effects estimation. The dependent variable yit is the same as in Table 3.5. The table
shows the estimated coefficients of γ and δ. The estimated coefficients of the other variables are available upon request.

Including persons who have
used
mental healthcare
Including persons who choose
a voluntary deductible (at least
once)
Excluding 17 year olds

Excluding movers

Baseline

Estimated γ
(rebate)
OLS
FE

3.a.8 Estimated coefficients γ and δ for multiple specifications
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3.a appendix

3.a.9

Share of individuals no longer living in parental home and per education level

Average share of individuals (frac.)
Below 18 years old:
In secondary education
In vocational education
At a university of applied sciences
At a university
Above 18 years old:
In secondary education
In vocational education
At a university of applied sciences
At a university

2006-2007

2008-2013

0.73
0.24
0.02
0.00

0.74
0.23
0.02
0.00

0.01
0.42
0.37
0.19

0.01
0.39
0.38
0.21

Note: These data were taken from StatLine, the open data source of
Statistics Netherlands, on August 16, 2018. The shares are based on the
entire Dutch population. We computed the average values for persons
above and below 18 years old and the two time period ourselves. The
data reflect the number of individuals on January 1st of each year.
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3.a.10 Results year-by-year estimations including dental costs

τt (rebate)
2006
2007

τt (deductible)
2008
2009
2010
2011
2012
2013
Age centered
Age centered * male
Age centered * treatment
Age centered * treatment * male
Year dummies
Individual fixed effects
Constant
Observations
R2

OLS

FE

-160.18***
(8.86)
-179.16***
(9.10)

-181.19***
(13.31)
-195.33***
(11.22)

-92.31***
(9.05)
-103.75***
(8.28)
-86.63***
(8.12)
-234.36***
(8.47)
-258.64***
(11.23)
-273.41***
(9.81)
Yes
Yes
Yes
Yes
Yes
No
Yes
6,678,669
0.001

-96.30***
(9.70)
-85.32***
(8.47)
-67.28***
(9.06)
-225.82***
(10.11)
-264.73***
(14.93)
-292.95***
(15.58)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
6,678,669
0.691

Notes: Standard errors are reported between parentheses and
clustered at the individual level. *, **, and *** indicate significance based on a two-sided test at the .10, .05, and .01 levels,
respectively. OLS denotes ordinary least squares estimation and
FE individual fixed effects estimation. The dependent variable
yit is healthcare expenditures with cost-sharing including dental
expenditure. Other coefficients are available upon request.

3.a appendix

3.a.11 Results scaled estimations with a correction for a general price effect

γ (rebate)
δ (deductible)
Age centered
Age centered * male
Age centered * treatment
Age centered * treatment * male
Year dummies
Individual fixed effects
Constant
Observations
R2
p-value of test γ=δ

OLS

FE

-0.13***
(0.03)
-0.41***
(0.03)
Yes
Yes
Yes
Yes
Yes
No
Yes
6,678,669
0.000
0.000

-0.26***
(0.04)
-0.43***
(0.03)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
6,678,669
0.695
0.000

Notes: Standard errors are reported between parentheses and
clustered at the individual level. *, **, and *** indicate significance based on a two-sided test at the .10, .05, and .01 levels,
respectively. OLS denotes ordinary least squares estimation and
FE individual fixed effects estimation. The dependent variable
yit is the same as in Table 3.5 but now corrected for prices. Other
coefficients are available upon request.
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3.a.12 Results of year-by-year estimation for a fictional discontinuity at 24

τt (rebate)
2006
2007
τt (deductible)
2008
2009
2010
2011
2012
2013
Age centered
Age centered * male
Age centered * treatment
Age centered * treatment * male
Year dummies
Individual fixed effects
Constant
Observations
R2

OLS

FE

16.4*
(8.7)
7.6
(9.4)

5.9
(14.5)
-13.6
(12.6)

-17.8**
(8.4)
1.8
(8.1)
-8.7
(8.3)
12.0
(10.3)
11.3
(10.3)
-0.7
(10.0)
Yes
Yes
Yes
Yes
Yes
No
Yes
6,549,271
0.003

-28.0***
(10.2)
-5.6
(9.5)
-12.3
(10.0)
15.1
(14.3)
12.1
(14.3)
10.6
(16.2)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
6,549,271
0.659

Notes: Standard errors are reported between parentheses and
clustered at the individual level. *, **, and *** indicate significance based on a two-sided test at the .10, .05, and .01 levels,
respectively. OLS denotes ordinary least squares estimation and
FE individual fixed effects estimation. The analyses are performed for individuals aged 21 to 27. τt is a fictional discontinuity placed at 24 years old. The dependent variable yit is the
same as in Table 3.7.

3.a appendix

3.a.13 Estimated treatment effects τt for placebo discontinuities at ages 10 - 50

Age is presented on the horizontal axis and the size of the coefficients on the vertical axis
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SELECTION AND MORAL HAZARD EFFECTS
I N H E A LT H C A R E

This chapter was written with Jan Boone and Rudy Douven. It is based on: Remmerswaal,
M., J. Boone, and R. Douven (2019), Selection and moral hazard effects in healthcare, CPB
Discussion Paper.
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abstract
People who voluntarily increase the deductible of their health insurance plan have substantially lower healthcare expenditures than people who do not. This difference in healthcare
expenditures could be the result of selection and moral hazard effects. In this paper we
separate these effects for the Dutch health insurance system. With panel data we analyze
healthcare expenditures before and after the deductibles kick in for 18 year olds. We find that
mainly selection, not moral hazard, explains the healthcare expenditure difference between
persons in health insurance plans with and without a voluntary deductible. The results also
suggest selection on moral hazard as persons who do not choose a voluntary deductible are
more price sensitive.

4.1 introduction

4.1

introduction

Most health insurance plans have cost-sharing schemes in place to prevent moral hazard. Costsharing increases the price of healthcare and therefore leads to lower healthcare demand and
lower healthcare expenditures (Zweifel and Manning, 2000). However, when health insurance
plans have different levels of cost-sharing and individuals can choose their health insurance
plan based on the level of cost-sharing, then adverse selection may occur. Adverse selection
may happen when high-risk individuals with high expected healthcare expenditures opt for
lower levels of cost-sharing (i.e. more generous coverage) than low-risk individuals with low
expected expenditures. As a result, the plan with the low level of cost-sharing may become
more expensive and less attractive for healthy individuals, causing a downward spiral (Cutler
and Zeckhauser, 2000). Another dimension of adverse selection is selection on moral hazard.
This happens when a lower deductible is more attractive for individuals whose healthcare
utilization increases more sharply in response to a lower deductible (Einav et al., 2013).
The cost-sharing scheme of the Dutch health insurance system of managed competition is
well placed to estimate and separate selection and moral hazard effects because (basic) health
insurance is mandatory and coverage of health insurance plans only varies in the level of
the deductible, not in the type of care. Every health insurance plan has the same mandatory
deductible set by the government. On top of the mandatory deductible, people can choose to
increase this mandatory deductible by opting for a voluntary deductible and receive a discount
on their health insurance premium in return. Healthcare expenditure in the Netherlands
is lower for people with a voluntary deductible than for people with (only) a mandatory
deductible. This difference may indicate that the voluntary deductible successfully prevents
moral hazard and reduces healthcare expenditure. It could also indicate adverse selection:
persons who choose the voluntary deductible are healthier.
The distinction between the effects is important, because if there is (adverse) selection resulting from the voluntary deductible, then the voluntary deductible may distort premium
setting for people who only choose a mandatory deductible and could lead to cross subsidies from high-risk to low-risk individuals (Marzilli Ericson and Sydnor, 2017). For example,
low-risk individuals who choose for a voluntary deductible may receive a large premium discount from a health insurer, for example due to imperfect risk adjustment or because this
group is more sensitive to premium differences. High-risk individuals, for whom a voluntary
deductible is unprofitable, will have to finance this premium discount. Such a transfer from
high to low-risk individuals may be undesirable for Dutch policy makers and induce them
to abolish the voluntary deductible altogether. However, if the voluntary deductible leads to
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a substantial reduction in healthcare expenditure, that is, if moral hazard is the main effect,
then abolishing voluntary deductibles may lead to a large increase in healthcare expenditures.
This paper separates and estimates moral hazard and selection effects using individual
data of all inhabitants in the Netherlands for the period 2008 up to 2013. Moreover, the
results shed light on the occurrence of selection on moral hazard in the Dutch context. As
an application of our results, we provide a policy analysis to assess the impact of abolishing
voluntary deductibles in the Netherlands.
It is empirically challenging to disentangle selection and moral hazard effects (Bajari et al.,
2014; Trottmann et al., 2012; Geruso and Layton, 2017). Randomized controlled experiments,
such as the RAND and Oregon experiments (Newhouse and the Insurance Experiment Group,
1993; Finkelstein et al., 2012; Chiappori et al., 1998) are less suited as the idea of randomization is to remove endogenous choice, and thus selection problems. That is, in such an experimental set-up there is no selection effect to start with. The majority of papers analyzing
non-experimental data remove selection by using econometric techniques such as instrumental variables (examples are Eichner (1998); Trottmann et al. (2012); Van Vliet (2004); Alessie
et al. (2020)) or by using a structural model (Bajari et al., 2014; Gardiol et al., 2008). These
approaches often require restrictive assumptions. Bajari et al. (2014) and Einav et al. (2013)
measure and visualize selection by showing the distribution of health status and expected
health risks parameters across multiple health insurance plans.
The identification strategy of our study relies on the introduction of cost-sharing in the
Netherlands at age 18 and the yearly increase of the mandatory deductible size by the government, which allows for a quasi-experimental identification in the spirit of a regression
discontinuity design. We include time and individual fixed effects to capture factors other
than the deductibles that may affect healthcare expenditure, such as policy changes or health
status. The design used in this paper, yields straightforward estimation and visualization of
the selection effects and reductions in moral hazard caused by cost-sharing at age 18. This
design is, however, not possible for an analysis of the total population. To study the entire
Dutch population we therefore use a panel regression design that exploits annual variation in
the size of the mandatory and voluntary deductibles. We use the results for the total population to analyze the effects of abolishing voluntary deductibles in Dutch mandatory health
insurance.
We find that average healthcare expenditures for persons who have never chosen a voluntary deductible are almost twice as high at age 18 than average healthcare expenditures of
persons who have chosen a voluntary deductible at least once. This difference is mainly the
result of selection, not a reduction of moral hazard. Moreover, we find that 18 year olds who
have never chosen a voluntary deductible reduce their healthcare spending by 26 euros (on av-

4.1 introduction

erage) in response to a 100 euro increase in the (mandatory) deductible. However, for 18 year
olds who have chosen a voluntary deductible at least once we find on average no response to
an increase in the (mandatory plus voluntary) deductible.
These results suggest there is not only selection on the expected health risk (healthier persons choose less coverage), but that there could also be selection on moral hazard: individuals
with more generous coverage (i.e. no voluntary deductible) tend to be more price sensitive,
whereas persons who are less price sensitive choose less generous coverage (i.e. a voluntary
deductible). Other potential causes for these findings – for example the difference in price
responsiveness between group never and at least once could be explained by differences in how
many individuals are at the margin – are not confirmed in our data.
For the full population, we find that persons who have chosen a voluntary deductible at
least once do respond to an increase in the (mandatory plus voluntary) deductible. We show
that the estimated coefficient may overestimate the moral hazard effect and present evidence
that suggests that people with a voluntary deductible postpone treatments to the new contract
year where they lower their voluntary deductible. Overall, we find that lowering or abolishing
the voluntary deductible will not increase healthcare spending by a large amount. Second,
we find evidence of a distortion in prices in the sense that individuals without a voluntary
deductible – who tend to be high risk – pay a higher price for insurance because of the
existence of a voluntary deductible.
Our work is related to a large body of literature on moral hazard, adverse selection and
demand-side cost-sharing in healthcare. For excellent overviews of the literature, we refer to
Baicker and Goldman (2011), McGuire (2012), Geruso and Layton (2017) and Einav and Finkelstein (2018). In many adverse selection papers, such as Bajari et al. (2014), Einav et al. (2013)
and Cutler and Reber (1998), endogenous contracts complicate the analysis as contracts differ
in a number of dimensions.1 In our case, the endogenous contract dimensions are limited,
because the coverage of the mandatory (basic) healthcare plans across the Dutch population
only differs by the level of the deductible. The treatments covered by basic insurance are set by
the government, not by the insurers. Insurance contracts can differ in their provider networks,
but these differences are small in the period that we analyze.
As mentioned before, our paper is most similar to Einav et al. (2013) in the sense that both
papers use an empirical design to study selection, moral hazard, and selection on moral hazard effects. Einav et al. (2013) use a difference-in-differences design and exploit the staggered
implementation of new health insurance plans for one large firm in the United States. The
1

In the United States for example, selection may also occur from having “no insurance”. The majority of the
American body of literature was conducted before the introduction of the Patient Protection and Affordable Care
Act, and thus before trying to introduce mandatory health insurance.
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difference-in-difference design is combined with a structural model to estimate the effects.2
Our model is more simple and straightforward than Einav et al. (2013) and the identification
of the effects is therefore quite intuitive. The selection effects already appear in simple descriptive statistics. Because Dutch health insurance is more standardized than health insurance in
the United States, we can analyze selection and moral hazard effects on a national level and
look at how the voluntary deductible may distort prices of health insurance plans. Further,
selection on moral hazard has not been rigorously studied yet and is therefore not yet established in the literature, so different studies using different empirical strategies and looking at
different countries and populations, are useful.3
There are several Dutch papers on adverse selection vs. moral hazard. Van Vliet (2004)
studies the reduction of moral hazard due to the voluntary deductible. He estimates a price
elasticity of -0.14 and uses prior pharmaceutical costs as a proxy for health status to control
for adverse selection.4 His results however only apply to privately insured individuals with
a voluntary deductible in the 1990s, whereas we use data from the current healthcare system
which was introduced in 2006 (see Section 4.2). Klein et al. (2018) find that persons spend on
average roughly 36% less on healthcare before they hit the mandatory deductible limit than
in the months after exceeding the deductible. They omit persons with a voluntary deductible
which are the focus of our analysis. Similar to our paper Croes et al. (2018) show that selection
effects arise due to the voluntary deductible. Moreover they find that individuals with a
voluntary deductible are overcompensated by the risk adjustment system. The paper however
does not disentangle moral hazard from selection effects, nor does it estimate moral hazard
effects as we do in this paper. Recent work by Alessie et al. (2020) using a Dutch panel estimate
the effect of the voluntary deductible on healthcare expenditure. They find that the voluntary
deductible reduces the probability of medical visits, but they do not find any evidence for
heterogeneity of moral hazard effects. Their paper differs from ours as it uses a much smaller
sample of almost 3,000 individuals, the choice of choosing supplementary health insurance
as an instrument to control for selection effects, and do not exploit the size of the voluntary
deductible, which is the variation that we exploit in this paper. Remmerswaal, Boone, Bijlsma
and Douven (2019) is related to this paper as the same data and discontinuity at 18 are used.
2

3

4

The advantage of combining a structural model to the difference-in-differences design, is that the structural models
allow proper identification of selection on moral hazard effects. This is very useful as selection on health risk
(traditional selection) and selection on moral hazard are difficult to disentangle. For example, Newhouse and the
Insurance Experiment Group (1993) already state in the RAND Health Insurance Experiment that “the sickly are
in fact more responsive to price than the healthy”, which shows that selection on moral hazard and selection on
health risk may go hand in hand. Our approach cannot identify selection on moral hazard as well as Einav et al.
(2013): we can see whether our results are in line with selection on moral hazard, but we cannot rule out other
effects. We discuss this further in Section 4.5.
Einav et al. (2013) and Alessie et al. (2020) are the only papers studying selection on moral hazard in health
insurance that we are aware of.
Pharmaceutical costs were at the time covered by a separate insurance scheme, free from cost-sharing.

4.2 institutional setting

They however study the effect of two different cost-sharing schemes, a rebate and a deductible,
on healthcare expenditure. The authors deal with selection effects by omitting persons who
chose a voluntary deductible (at least once) entirely from the analysis. This paper builds on
Remmerswaal, Boone, Bijlsma and Douven (2019) to address selection effects.
Section 4.2 describes the institutional setting of the Dutch healthcare sector. Section 4.3
explains our administrative data set and provides several descriptive statistics. We describe
our empirical strategy in Section 4.4 and present our results in Section 4.5. Section 4.6 extends
the sample to a larger age range and presents policy analyses. We conclude in Section 4.7.

4.2

institutional setting

The Dutch curative healthcare sector is characterized by regulated competition, which is written down in the Health Care Act (Zorgverzekeringswet). There is competition among private
health insurers and among healthcare providers (Van de Ven and Schut, 2008). To safeguard
solidarity and access to care, the government has set up a mandatory basic benefit package
for all Dutch citizens.5
All inhabitants of the Netherlands, except children up to the age of 18, pay for healthcare
costs in three ways. The first part is an health insurance premium that individuals pay directly
to their health insurer. Annual premiums are between 1,000 to 1,250 euros (see Appendix
4.A.1). A person with a low income can receive an income dependent subsidy to pay for his
or her health insurance premium. The second part is an income dependent fee, which the tax
collector levies on an individual basis. These income dependent fees must cover exactly 50%
of total health expenditures in the Netherlands. The last part is cost-sharing.
In 2008, the government introduced a mandatory deductible of 150 euros for all health
insurance plans in the Netherlands.6 Since 2008, the government increased the level of the
deductible each year; see Table 4.1.7 In addition to the mandatory deductible, an individual
can opt for a voluntary deductible of maximally 500 euros on top of the mandatory deductible.
To illustrate, if a person chooses a voluntary deductible of 500 euros in 2013, he or she faces
a total deductible of 850 euros. In return for choosing the higher deductible, individuals pay
5

6

7

The Health Care Act has been in place since 2006. Before 2006, there was no regulated competition in Dutch
curative healthcare. Insurance was only mandatory for persons with a low or middle income, but not for persons
with a high income. The latter had to buy health insurance from a private insurer.
Remmerswaal, Boone, Bijlsma and Douven (2019) compare the effect of the rebate (which was in place in 2006 and
2007) and deductible in Dutch healthcare. They show that a deductible causes a larger reduction in healthcare
expenditure than a rebate of similar magnitude.
The mandatory deductible was increased further in 2014 to 365 euros, 375 euros in 2015, 385 euros in 2016, and
385 euros in 2017, 2018, 2019, and 2020 as well. As we only have data for 2008 up to 2013, Table 4.1 shows the
deductibles for these years.
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a lower health insurance premium. Insurers are free to determine the size of this premium
discount, but on average the discount for a 100 euro voluntary deductible was 45 euros and for
a 500 euro voluntary deductible 230 euros in 2013. In 2013, about 10% of the Dutch population
chose a voluntary deductible (see Appendix 4.A.4).8,9 Aside from the difference in the level
of cost-sharing, health insurance plans with and without a voluntary deductible are exactly
the same. Health insurers are however free to set the size of the premium discount, so it’s
possible that some plans offer bigger premium discounts for a voluntary deductible, making
them more attractive. Therefore, there is some variation in the size of the premium discount.
Table 4.1: Deductibles of health insurance plans in the Netherlands for 2008 up to 2013
Year

2008

2009

2012

2013

Mandatory (€)
Voluntary (€)

150

155
165
170
220
100, 200, 300, 400, or 500

350

2010

2011

The deductible applies to nearly all health services in the basic benefit package, such
as hospital care, physiotherapy and pharmaceutical care. Only primary care, maternal care,
obstetric care, and GP care are exempted.10 The basic package is determined each year by the
government and its coverage is the same for all citizens.11 There have been changes in coverage
over time. We will discuss the changes relevant for this study in this paper. Remmerswaal,
Boone, Bijlsma and Douven (2019) provide an extensive summary table of all the changes in
the basic benefit package and other policy changes during the period of our study.
Individuals can choose to buy supplementary insurance to cover healthcare that is not
part of the basic benefit package. Supplementary insurance is always offered in addition to
the mandatory insurance of the basic benefit package, as the coverage of care is very different.12 Examples of care covered by supplementary insurance are alternative medicine, glasses,
contact lenses and cosmetic surgery. Supplementary insurance is therefore an addition to regular insurance, not a substitute. It is offered independently from the basic package, which
means that persons are not required to buy regular and supplementary insurance from the
8

The hazard rate of choosing a voluntary deductible, that is, the average proportion of persons aged 18 or over
who chose a voluntary deductible when they did not have or chose a voluntary deductible in the previous year,
is 5.2% in our baseline sample (for the definition of the baseline sample, see Section 4.3). The average proportion
of persons aged 18 or over who chose a voluntary deductible when they did choose a voluntary deductible in the
previous year is 80%: most persons who chose a voluntary deductible once will do so the next year as well.
9 The uptake of the voluntary deductible in the Netherlands is relatively low. Van Winssen et al. (2015) and Handel
et al. (2020) show that the voluntary deductible is financially profitable for about half of the population. The
latter states that this wedge cannot be explained by risk preferences, such as high levels of risk aversion, only and
discuss other choice frictions. They argue that default effects are the most likely explanation.
10 These cost categories comprise less than 10% of healthcare expenditure.
11 There exist small differences in basic benefit packages, not in terms of coverage but provider networks can differ
between insurers (Dutch Healthcare Authority, 2014).
12 One exception is physiotherapy which is often part of supplementary insurance but also partly covered in the basic
benefit package. It is however only covered for persons who need physiotherapy because of a chronic condition
and they still have to pay the first few visits themselves. In the robustness analyses, we will come back to this.

4.3 data and descriptive statistics
same insurer.13 We focus on the basic insurance market and do not consider supplementary
insurance. Re-insuring the mandatory deductible is allowed in special circumstances, for example for seasonal workers or people with a very low income. However, less than 1.5% of the
population has re-insured his or her deductible (Dutch Healthcare Authority, 2014).

4.3

data and descriptive statistics

4.3.1 Data
Proprietary healthcare claims data from Vektis are available for this study.14 The data cover
all, roughly 17 million, insured inhabitants in the Netherlands between 2006 and 2013. After
cleaning and excluding the years 2006 and 2007 (when a rebate, not a deductible, was in place),
we retain 97 million observations.15
The data include total annual healthcare expenditure under the Health Insurance Act for
each individual in the Netherlands.16 The timing of spending within the year is unknown to
us, as only annual expenditure data are available. In addition, we know the composition of
total healthcare expenditure by healthcare category, such as hospital care, dental care, physiotherapy, et cetera.17
We can follow individuals over time and observe their individual’s annual choice of a
voluntary deductible. Based on these choices, we construct a binary variable which is 1 if an
individual chose a voluntary deductible at least once in our data, and 0 if this is not the case.18
Note that this binary variable, unlike the voluntary deductible choice itself, can also be 1 for
a person under 18 years old, if he or she has chosen a voluntary deductible (in our data set)
after turning 18. Based on this binary variable, we create two groups: group ‘at least once
13 Over

85% of the Dutch population bought supplementary health insurance in our data period (Dutch Healthcare
Authority, 2014).
14 Vektis is a private organization that gathers and manages data for all Dutch health insurers. The data are
pseudonymized and not publicly available.
15 The data cleaning steps are described in Appendix 4.A.2. The same data and a similar data preparation are used
in Remmerswaal, Boone, Bijlsma and Douven (2019).
16 The data do not suffer from underreporting of healthcare claims. It is a common problem with claims data that
people with little healthcare expenditure do not bother to claim their bill to their insurer, because they do not
expect to be compensated as they will not exceed their deductible. In our data however, healthcare providers are
motivated to report all costs directly to patients’ health insurers: the providers are only reimbursed if they report
the costs to their patient’s health insurer. Healthcare providers send their bills to the insurer electronically, who
subsequently will bill the patient (if the deductible is not exhausted).
17 Appendix 4.A.5 includes a list of all categories.
18 To construct these groups we used additional information from 2006 and 2007 and coded an individual with ‘1’ if
he or she chose for a voluntary deductible in 2006 or 2007 as well.
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a voluntary deductible’ and group ‘never a voluntary deductible’. We compare healthcare
expenditures of these two groups before and after they turn 18 (when the deductibles kick in).
Our data also include person characteristics such as sex, age, indicators of chronic use of
care and medication, and a four digit postal code. Age is reported in years and for December
31st in every year.19 DCG stands for diagnosis cost group (‘diagnosekostengroep’) and is a
binary variable that indicates whether a person is chronically ill and had high healthcare costs
in the previous years.20 PCG, an abbreviation of pharmaceutical cost group (‘farmaciekostengroep’), indicates whether a person uses medication chronically. Using the four digit postal
code, we can link to each observation the average standardized disposable household income
in a postal code area from Statistics Netherlands.21
All persons with mental healthcare expenditure between 2008 and 2013 are excluded, because the mental healthcare sector faced additional changes in cost-sharing in 2012 (see Remmerswaal, Boone, Bijlsma and Douven (2019) for a list of policy changes). Between 2008 and
2011, dental care coverage also changed in a different way for persons above and below 18.
We do not delete all individuals who use dental care, because almost all inhabitants use dental care and dental costs are low. Therefore, we do not include dental expenditure in our
dependent variable: healthcare expenditure under the deductible. We verify in the robustness
analyses that these choices do not affect our results. The main dependent variable in this
study is total healthcare expenditure for healthcare services for which the deductible applies,
but without dental healthcare costs. From hereon, we will refer to this variable as healthcare
expenditure under the deductible. See Table 4.A.5 for details on the cost categories that are
included in this variable.
In most of our analyses, we follow Remmerswaal, Boone, Bijlsma and Douven (2019) and
select all persons aged 15 to 21, but 18 year olds are excluded. The argument for excluding 18
year olds is that the exact date of birth is not available in the data. Therefore, within a year
we cannot differentiate a person who turns 18 on January 1st from a person who turns 18
on December 31st (the former person has the deductible for almost the entire year while the
latter does not face a deductible at all). By removing 18 year olds from the sample, we reduce
the possibility of anticipation and substitution effects.
To sum up, for our main analysis we study young adults between 15 and 21 years old (18
year olds are excluded), who did not have any mental healthcare expenditures in the period
2008 up to 2013. We compare two groups, people who did not choose a voluntary deductible
19 A

person who becomes 18 on December 1st in 2013 is classified as being 18 years old in 2013, even though he or
she was 17 years old for 11 months that year.
20 DCG and PCG are variables from the Dutch risk adjustment system, which aim to identify chronic disorders that
will lead to high healthcare expenditures.
21 Average standardized disposable household income is gross household income from which taxes and premiums
for public insurance policies have been deducted. It has been standardized for differences in size and households
compositions. In our data set, there are on average 3,130 persons per four digit postal code.

4.3 data and descriptive statistics
Table 4.2: Summary statistics of the baseline sample

Persons with any healthcare expenditures (frac.)
Healthcare expenditure under deductible (€)
Of which:
Hospital care (€)
Physiotherapy (€)
Pharmaceutical care (€)
Other care (€)
Age (years)
Male (frac.)
Diagnosis cost-related group (frac.)
Pharmaceutical cost-related group (frac.)
Household income quintile
Average deductible level (€)
Number of observations

Never a
voluntary deductible
15-17 years 19-21 years

At least once a
voluntary deductible
15-17 years
19-21 years

0.75 (0.43)
557 (3,719)

0.78 (0.41)
589 (3,294)

0.71 (0.46)
324 (1,315)

0.70 (0.46)
322 (1,672)

373 (3,211)
40 (156)
89 (1,289)
55 (679)
16 (0.82)
0.51 (0.50)
0.01 (0.09)
0.02 (0.15)
3.21 (1.37)
0 (0)
2,521,889

436 (2,866)
8 (110)
97 (1,101)
48 (506)
20 (0.82)
0.52 (0.50)
0.02 (0.13)
0.03 (0.16)
2.92 (1.43)
201 (70)
2,369,686

219 (1,098)
28 (115)
51 (497)
25 (245)
16 (0.79)
0.53 (0.50)
0.00 (0.06)
0.01 (0.10)
3.39 (1.30)
0 (0)
319,827

247 (1,546)
4 (69)
49 (313)
21 (217)
20 (0.81)
0.54 (0.50)
0.01 (0.08)
0.01 (0.10)
3.00 (1.45)
398 (247)
700,922

Notes: Standard deviations are reported between parentheses. Healthcare services category ‘other care’
combines paramedical care, medical aids, transportation costs of persons lying down and for seated persons, care that is provided across the Dutch borders, geriatric revalidation and other healthcare costs which
are not part of the cost categories in Appendix 4.A.5. Household income quintiles range from 1 to 5, where
Quintile 1 refers to the households with the lowest incomes and household Quintile 5 to households with
the highest incomes. The differences between all characteristics of 15 – 17 year olds and 19 – 21 year olds
of group ‘Never a voluntary deductible’ are all significant at a 1% significance level. These extremely small
p-values are a result of the large sample size: even very small differences are highly significant.

at all and people who did choose a voluntary deductible at least once in our dataset, and
follow them before and after they turn 18 years old.

4.3.2 Descriptive statistics
Table 4.2 describes the baseline sample, divided into 15 to 17 year olds (who do not face a
deductible) and 19 to 21 year olds (who do face a deductible), and persons who never chose
a voluntary deductible (group never) and persons who chose a voluntary deductible at least
once (group at least once). Individuals in group never have, as expected, higher healthcare
expenditure than those in group at least once: healthcare expenditure of 19 to 21 year olds in
the former group is on average 589 euros, whereas for the latter it is 322 euros which is 267
euros less. Looking at 15 to 17 year olds, we see that this difference in healthcare expenditure
already manifests before the deductibles kick in: healthcare expenditure of 15 to 17 year
olds in group never is on average 557 euros, 233 euros higher than healthcare expenditure
of 15 to 17 year olds in group at least once. The difference of 233 euros suggests that there
is a selection effect, as this difference cannot be caused by the deductibles. The fraction of
individuals with any healthcare expenditures is slightly – 4 percentage points for 15 to 17
year olds – higher for group never than group at least once, which suggests that the difference
in healthcare expenditure between the two groups is mostly at the intensive margin.
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This table presents already, in a ‘crude form’, the main result of the paper.22 The 267
euros difference in expenditures for 19 to 21 year olds is made up of a selection and a moral
hazard effect. The difference of 233 euros for 15 to 17 year olds is a pure selection effect as
none of them faces a deductible. Hence, the biggest part of the difference in 19 to 21 year old
expenditures between people without and with a voluntary deductible is due to a selection
effect.
Table 4.2 however does not present first evidence of a reduction of healthcare expenditures
due to the deductible kicking in at age 18, as average healthcare expenditures are roughly the
same for 15 to 17 year olds (who do not face a deductible) and 19 to 21 year olds (who do face
a deductible) in both groups.23,24
Hospital care accounts for most of healthcare expenditure, and physiotherapy for a small
part. Average costs of physiotherapy are substantially lower for persons aged 19 to 21 compared to persons aged 15 to 17. This could indicate an effect of the mandatory deductible
kicking in. All four groups are relatively healthy (because they are young): only between zero
and 2% is a chronic user of healthcare (i.e. classified with a DCG) and between 1 and 3%
is a chronic user of medication (i.e. classified with a PCG). Persons who chose a voluntary
deductible are more often male. The average household income quintile is slightly higher for
15 to 17 year olds compared to 19 to 21 year olds, and lowest for 19 to 21 year olds who never
chose a voluntary deductible.
The average deductible level for 19 to 21 year olds in group never between 2008 and 2013
is 201 euros and 398 euros for persons in group at least once.25 Group never is considerably
larger than group at least once, because only a tenth of the Dutch population has chosen a
voluntary deductible.26 Furthermore, we have a limited time period of our data. It’s possible
22 We

say ‘crude’ because we are not correcting for other effects like age.
see the effect of the deductible on healthcare expenditures, we must look at average healthcare expenditure for
each age, as we do below in Figure 4.1.
24 Note that the average of healthcare expenditures of group never is well above the average deductible. On average,
it seems this group would not be affected by (a change in) the deductible size at the margin. However, looking
at the average is misleading in this regard, as the distribution of healthcare expenditure is skewed to the left (see
Appendix 4.A.6): many individuals have no (see Table 4.2) or few healthcare expenditures and some have very
high healthcare expenditures.
25 Appendix 4.A.3 shows the voluntary deductible choice of 19 to 21 year olds in group at least once between 2008 and
2013. A voluntary deductible of 0 and 500 euros is most common, with on average 50 and 29% respectively. The
majority of the group did not choose a voluntary deductible each year when they turn 18. However, the 500 euro
deductible gains popularity over time. The 201 euros average mandatory deductible is close to the unweighted
average (200 euros) of 150, 155, 165, 170, 220 and 350 euros.
26 The table shows that the number of observations aged 19 to 21 year old among those who chose a voluntary
deductible at least once, is more than twice the number of observations aged 15 to 17 year old. This is a result of
the available data and the definition of the group at least once: to include a person in the group at least once, he
or she must choose a voluntary deductible when he or she is 18 or over. If a person turns 18 years old in 2013
and decides not to choose a voluntary deductible in that year, then he or she is not included in the group at least
once, even though he or she may decide to choose a voluntary deductible the next year. As such, the probability
of being included in the group at least once is lower for younger persons in the later years of the dataset.

23 To
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Figure 4.1: Mean healthcare expenditure for persons who have never chosen a voluntary deductible
or have chosen a voluntary deductible at least once

that someone will choose a voluntary deductible for the first time in 2014. In our analysis,
we would incorrectly classify this person as never having chosen a voluntary deductible. This
data limitation implies an underestimation of the selection effect: some healthy individuals
with low healthcare expenditure are included in group never.27
Figure 4.1 demonstrates further descriptive evidence of selection and moral hazard effects
between the two groups.28 The line of average healthcare expenditure of persons in group at
least once is well below the line of those in group never, before and after the deductibles kick
in. Furthermore, when extrapolating the lines of 15 to 17 year old and of 19 to 21 year old
to age 18, we see that healthcare spending drops at age 18. This is evidence of the effect of
the deductible kicking in at 18. In the next section, we formalize this further in our empirical
approach.
For our main analyses we focus on 15 to 21 year olds. For additional (policy) analyses, we
also extend the age range from 13 to 65 year olds. Table 4.3 lists the descriptive statistics for
19 to 65 year olds.29 As healthcare expenditure tends to increase with age, mean healthcare
expenditures are higher compared to 15 to 21 year olds with 1,324 euros for persons in group
27 We

also estimate the selection effect for the more restrictive group of individuals who always chose a voluntary
deductible in our time period; see Section 4.5.
28 Standard errors of expenditures are shown in Figure 4.1, but as these standard errors are very small, they are
barely visible. They differ from standard deviations of individual expenditures as reported in, for example Table
4.2.
29 We show the summary statistics for 19 to 65 year olds and do not include persons below 18 to make it consistent
with Table 4.2 and easier to compare.
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Table 4.3: Summary statistics for the extended age range (19 – 65 year olds)

Persons with any healthcare expenditures (frac.)
Healthcare expenditure with cost-sharing (€)
Of which:
Hospital care (€)
Physiotherapy (€)
Pharmaceutical care (€)
Other care (€)
Age (years)
Male (frac.)
Diagnosis cost-related group (frac.)
Pharmaceutical cost-related group (frac.)
Movers (frac.)
Household income quintile
Average deductible level (€)
Number of observations

Never a
voluntary deductible

At least once a
voluntary deductible

0.82 (0.39)
1,324 (5,085)

0.68 (0.47)
565 (2,847)

943 (4,354)
21 (186)
255 (1,476)
106 (760)
44 (13)
0.50 (0.50)
0.06 (0.24)
0.20 (0.40)
0.07 (0.26)
3.07 (1.39)
202 (71)
44,606,192

441 (2,541)
6 (89)
81 (589)
37 (433)
39 (13)
0.60 (0.49)
0.02 (0.14)
0.07 (0.25)
0.11 (0.31)
3.24 (1.39)
391 (240)
8,399,064

Notes: Standard deviations are reported between parentheses. Healthcare services category
‘other care’ combines paramedical care, medical aids, transportation costs of persons lying
down and for seated persons, care that is provided over the Dutch borders, geriatric revalidation and other healthcare costs which are not part of the cost categories in Appendix 4.A.5.
Household income quintiles range from 1 to 5, where Quintile 1 refers to the households with
the lowest incomes and household Quintile 5 to households with the highest incomes.

never and 565 euros for persons in group at least once. Comparing the two groups, we see that
persons who chose a voluntary deductible at least once tend to be younger, male, and live in
areas with a higher income. They also tend to be more healthy, as they are less often chronically ill or chronic users of medication and less likely to have any healthcare expenditures.

4.4

empirical strategy

The tables and graph in the previous section show first descriptive evidence of selection and
moral hazard effects. Here we describe our empirical strategy. Figure 4.2 is an adaptation
of Figure 4.1 and explains the idea of our identification strategy which aims to disentangle
selection and moral hazard effects for 18 year olds. First, we extrapolate the healthcare expenditure trend of 15 to 17 year olds up to age 18 for persons in group never. This extrapolation
is illustrated with a dotted line in Figure 4.2. This extrapolated line crosses the vertical line
at age 18. This point is denoted by ynever0 . Hence, ynever0 shows the average healthcare
expenditure for an 18 year old who will never choose a voluntary deductible in absence of any
deductible.
Next, we extrapolate the healthcare expenditure trend of 19 to 21 year olds in group never
to age 18. ynever1 denotes healthcare expenditure of an 18 year old who never chose a volun-

4.4 empirical strategy

Figure 4.2: Graphical illustration of identification strategy

tary deductible but who faced a mandatory deductible. Therefore, ynever1 – ynever0 is the effect
of the deductible kicking in on healthcare expenditure for persons who never chose a voluntary deductible.30 We repeat the same steps for persons in group at least once. yat least once0
denotes healthcare expenditure for an 18 year old who will choose a voluntary deductible at
one point in time, but in absence of a deductible and yat least once1 is the same but when
facing a deductible. Lastly, yat least once1 – yat least once0 is the moral hazard effect of the
mandatory plus voluntary deductible.
ynever0 – yat least once0 is the selection effect for an 18 year old, as it is the difference in
healthcare expenditure between the two groups at age 18, but in absence of any deductible.
ynever1 – yat least once1 is the selection effect plus the difference in the moral hazard effects
of the deductible between the two groups.31 Note that in most studies, one only observes
ynever1 – yat least once1 , which is a mixture of the selection and moral hazard effects. The
Dutch setting however offers an opportunity to directly measure a selection effect: ynever0 –
yat least once0 .

30 Note

that other factors may change as well at 18 which can also lead to a drop in healthcare expenditure. We
will address these shortly (Equations (4.1) and (4.2) below). To simplify the exposition, first we assume the only
change at 18 is the moral hazard effect of the deductible.
31 We label the moral hazard effect of the deductible as MH
never and MHat least once , where the former is ynever1
– ynever0 and the latter is yat least once1 – yat least once0 . ynever1 – yat least once1 can be rewritten as
(ynever0 + MHnever ) – (yat least once0 + MHat least once ). The selection effect is ynever0 – yat least once0 .
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This identification strategy can be formalized in a design in the spirit of a panel regression
discontinuity design (Thistlethwaite and Campbell, 1960).32 With this design, we can estimate
the causal effects of the deductibles on healthcare expenditure.
Regression discontinuity designs exploit discontinuities in assignment variables. In this
case, age is the running variable: when a person’s age is known, then it is also known whether
he or she receives the treatment:

T=

1

if age > 18

0

if age < 18

where T is a binary variable which indicates whether an individual receives the treatment or
not.
A necessary assumption for the regression discontinuity design is that persons cannot
influence the running variable (Lee and Lemieux, 2010). As persons cannot manipulate their
age in administrative data, this assumption holds. Furthermore, all factors that potentially
affect healthcare expenditure must evolve smoothly with age, i.e. the only shock that may
occur at 18 is the introduction of the deductible. This assumption will not hold here: at 18,
many students in the Netherlands graduate from high school, go to university and move out
of their parental house. This is likely to affect healthcare spending at 18, and is therefore a
threat to the validity of a regression discontinuity design. Remmerswaal, Boone, Bijlsma and
Douven (2019) show that the share of young adults moving and going to university indeed
increases at 18. However, they also show that the sizes of these shocks (and several others
which may invalidate the design) are constant over time. Aside from the deductible kicking in
at age 18, our data offer another useful source of exogenous variation: the Dutch government
has increased the size of the mandatory deductible level over the years (see Table 4.1). In our
design we therefore estimate the effect of a change in the deductible size. Hence, by exploiting
this variation over time, we take out all constant changes at age 18, including moving out
of the parental house. As a result, we can identify the marginal effect of an increase in the
deductible, but not the mere effect of the deductible kicking in at 18.33
32 The

idea of the identification of the effects – extrapolating the relationship between age and healthcare expenditure
to the discontinuity under both regimes – is very much like a regression discontinuity design, but our design also
differs from a ‘traditional’ regression discontinuity design, in the sense that we do not have many values of the
running variable (age) and add a panel dimension with time and individual fixed effects. That’s why we prefer
to call the design in the ‘spirit’ of a regression discontinuity design. In the paper we go through the assumptions
necessary for a regression discontinuity design.
33 Figure 4.2 suggests that we do identify a level moral hazard effect of the deductible kicking in at 18. However,
this is not the case as we can only identify marginal effects of changes in the deductible. Appendix 4.A.7 is
an adaptation of Figure 4.2 and illustrates how we exploit the annual variation in the deductible to identify the
marginal effect of the deductible. The drop in healthcare expenditures at age 18, i.e. the reduction of the moral
hazard effect due to the deductible, is larger in year t1 than in year t0 because deductible level D2 > D1 . The
difference between the moral hazard effects in both years can be attributed to the difference between deductible
levels D1 and D2 . Note that we do estimate a level effect of becoming 18 years old as well. However, the issue

4.4 empirical strategy
Equation (4.1) formulates the design for group never:
yit = αt + αi + β1 age
˜ it + β2 Tit age
˜ it + τTit + νnt Tit + it

(4.1)

We include individuals i in periods t ∈ {2008, 2009, 2010, 2011, 2012, 2013} where ageit ∈
{15, 16, 17, 19, 20, 21}. yit denotes healthcare expenditure under the deductible of individual i
in period t. αt and αi are year and individual fixed effects respectively. Age is centered to 18
and denoted as age
˜ it = ageit − 18. It captures the linear trend between age and healthcare
expenditure (see Figure 4.1).34 Tit = 1 if ageit ∈ {19, 20, 21}, and zero otherwise. Hence, β2
allows this linear trend to be different for persons before and after they turn 18.
We assume a linear relationship between the moral hazard effect and the size of the deductible. That is, the range of deductibles in our data is relatively small (individuals have no
deductible or a deductible between 150 and 850 euros) and thus a linear approximation is not
unreasonable.35,36 The parameter τ captures the effect of becoming 18 on healthcare spending;
nt denotes the size of the mandatory deductible in period t for persons who never chose
a voluntary deductible; ν is one of the main parameters of interest as it captures the effect
of a marginal increase in the mandatory deductible for persons who never chose voluntary
deductible.
The panel structure of the data allows us to include individual fixed effects (αi ) and time
fixed effects (αt ). Individual fixed effects control for time invariant differences in health status
or personality traits (e.g. risk attitude) which might be related to both choosing a voluntary
deductible and healthcare expenditures. Time fixed effects control for changes over time that
affect persons’ behavior above and below 18, for example changes in basic benefit package
coverage. The standard errors it are clustered at the individual level in all models to correct
for correlation (Lee and Lemieux, 2010). Clustering the standard errors differently, for example
by age or age times year, does not change our results; it leads to (even) smaller standard errors
for group never and similar standard errors for group at least once (see Appendix 4.A.9).
here is that we cannot separate the level effect of the deductible kicking in – in which we are interested – from the
other level effect when turning 18 years old, such as moving out of the parental house. The parameters θ and τ
from models (4.1) and (4.2) are a mix of both level effects. Therefore we only focus on the marginal effects of the
deductible, which we can identify properly.
34 Remmerswaal, Boone, Bijlsma and Douven (2019) show that the hypothesis of a linear relationship between healthcare spending and age cannot be rejected for this age range and for persons who never chose a voluntary deductible.
35 Figure 4.3 below shows that a linear approximation indeed is reasonable.
36 We could also add an interaction of age
˜ it with year t or with nt , to allow the slope of age to vary over time or
to vary with the size of the deductible. It is possible that healthcare expenditure increases less steeply with age in
years in which the deductible size was higher. However, adding such interactions would be quite demanding for
the model and data, considering that we only look at three age years before and after becoming 18 years old. We
have estimated models (4.1) and (4.2) with such interactions and find similar results to the results of the baseline
models. However, the coefficients have larger standard errors because they are estimated less efficiently.
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As discussed above, we identify parameter ν assuming that there are no other changes
between 2008 and 2013 when people turn 18 years old and which could affect healthcare
spending: it is independent of nt .37
Equation (4.2) is almost identical to Equation (4.1), but applies to persons in the group at
least once:
yit = αt + αi + γ1 age
˜ it + γ2 Tit age
˜ it + θTit + λait Tit + it

(4.2)

Parameters γ1 and γ2 capture the linear trend for age and θ is the effect of becoming 18;
ait denotes the level of the (mandatory plus voluntary) deductible for a person i in period
t who chose a voluntary deductible at least once (in our data period). Because it is the total
deductible size (mandatory plus the voluntary), it varies across both person i and year t. This
is because people can choose and change their voluntary deductible size.38 λ captures the
effect of a marginal increase in the total deductible size for persons who chose a voluntary
deductible at least once. We identify parameter λ assuming that an individual’s choice of the
voluntary deductible, which is part of variable ait , does not depend on a change in unobserved factors over time. The latter assumption is quite restrictive: it is possible that a person
changes the level of his or her voluntary deductible when he or she suffers from a health
shock. In fact, in Section 4.6 we show that individuals up to 65 year old may strategically
choose the level of their voluntary deductible when they suffer a health shock and that this
affects the estimate of λ. However, we argue this is not an issue here. Few 19 to 21 year old
individuals seem to strategically increase and lower their choice of the voluntary deductible
in response to a health shock. In fact, most of the individuals in group at least once choose a
voluntary again, once they have chosen it (see Section 4.2). Moreover, strategic behavior along
these lines tends to increase λ while we basically find λ = 0 for this limited age group.
Given that we have Equations (4.1) and (4.2), we compare the two groups (never and at
least once) on two dimensions. First, do the groups differ in expected expenditures irrespective
of a deductible effect? Here the approach is based on Figure 4.2 and delivers yearly selection
effects at age 18. Basically, from the estimated parameters of models (4.1) and (4.2) we predict
for each year the points ynever0 and yat least once0 at age 18 and subtract these from each
other. Second, can we identify selection on moral hazard, as described by Einav et al. (2013),
in our data? That is, do the two groups differ in their responsiveness to changes in the
deductible? The parameters ν and λ from models (4.1) and (4.2) provide the marginal effects
of the deductibles on moral hazard. If we find that λ is smaller than ν, then that could be an
37 We

believe this assumption is credible, it would be violated if for example new technology, changes in benefit
packages or policy rules were implemented that hits healthcare expenditure for particular ages in the range 15-21
years old in different ways. However, we are not aware of such changes.
38 This in contrast to the mandatory deductible which – for people above 18 – does not vary across individuals in a
given year.

4.5 results
Table 4.4: Deductible and selection effects for 18 year olds

Marginal effect of €1 increase in total
deductible size (ν,λ)
Deductible elasticity
Selection effect (€)
Observations

Never a voluntary
voluntary deductible

At least once a
voluntary deductible

-0.26*** (0.07)

0.00 (0.02)

-0.09
5,055,617

0.00
340
954,880

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and *** indicate significance based on a two sided test at the .10,
.05, and .01 levels, respectively. Coefficients ν and λ are estimated with models (4.1)
and (4.2). The full results of the estimations are presented in Table 4.A.8.

indication that there is selection on moral hazard. Other mechanisms than selection on moral
hazard could also explain such findings as discussed below.

4.5

results

The results of models (4.1) and (4.2) are presented in Table 4.4.39 For persons who never chose
a voluntary deductible, we find a ν coefficient of −0.26 which is statistically significant at a
1% significance level. To illustrate the economic significance of this estimate, a coefficient of
−0.26 means that for 18 year olds who have never chosen a voluntary deductible, a 100 euro
increase in the mandatory deductible reduces healthcare expenditure on average by 26 euros
per person. This corresponds to a deductible elasticity of −0.09.40
The size of the deductible elasticity is roughly two times smaller than the price elasticity
from the RAND experiment (Newhouse and the Insurance Experiment Group, 1993). This
may be a result of institutional differences, Dutch healthcare has GPs as gatekeepers for example, or differences in demographics and healthcare use between the United States and the
Netherlands. The level of the deductible is also much lower in the Netherlands compared
to the United States. Lastly, our deductible elasticity applies to a very specific age category:
young adults around 18 years old.
39 In

Appendix 4.A.11 we present and discuss the results of estimating models (4.1) and (4.2) across men and women
and income quintiles.
40 We calculate the elasticity as follows:
εy
n =

∂y
n̄
201
= −0.26
= −0.09
∂n ȳnever
589

(4.3)

where ȳnever is the average healthcare expenditure of 19 to 21 year olds who never chose a voluntary deductible
(Table 4.2), n̄ is the average (mandatory) deductible size. Note that this elasticity is not a price elasticity. Price in
“price elasticities” in health insurance tends to refer to co-payments or co-insurance rates. To avoid confusion, we
use the term deductible elasticity.
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The estimated coefficient λ for 18 year olds who have chosen a voluntary deductible at least
once is 0.00 and not statistically significant at a 10% significance level. But λ is significantly
different from −0.26, the value we find for ν. After controlling for age effects, individual and
time fixed effects, a marginal increase in the level of the deductible does not reduce healthcare
expenditure of this group significantly. Two intuitive reasons for this are the following. First,
healthcare expenditure for many people in this group is well below their deductible level. As
a result, they are not marginally affected by an increase in the total deductible size. Second, a
zero deductible elasticity also suggests that the healthcare they do consume is both necessary
and valuable, such as an appendectomy, as they accept these treatments regardless of their
deductible size.
Note that the coefficient of zero does not imply that persons who chose a voluntary deductible at least once do not respond to the deductible at all. In fact, in Figure 4.1, we observe
a drop in healthcare expenditure at 18. This reduction in healthcare expenditure can be the
effect of the deductible kicking in, as well as other changes at 18. But this deductible effect
would not be related to the size of the deductible as that is captured by coefficient λ (which
happens to be zero).
Figure 4.3 shows the difference in predicted healthcare expenditure for 18 year olds under a deductible and not under a deductible for each year, that is, it shows the difference for
example between ŷnever1 and ŷnever0 from Figure 4.2 for persons who never chose a voluntary deductible. As expected from finding a negative coefficient for ν, the difference becomes
larger as the deductible size increases. This is not the case for persons who chose a voluntary
deductible at least once: the difference in healthcare expenditure at age 18 (i.e. ŷat least once1
- ŷat least once0 ) is negative, but it does not become bigger over time.
If we estimate model (4.2) without individual fixed effects (i.e. ordinary least squares) then
we get a value for λ equal to −0.21 (see Table 4.A.8 in the appendix). This negative coefficient
reveals the existence of selection effects: within the at least once group, people with a higher
deductible tend to have lower costs, but without controlling for selection effects (by including
individual fixed effects αit ) this is picked up as a deductible effect.
The average selection effect is 340 euros.41 This result indicates that mainly selection, not
moral hazard, explains the difference in healthcare expenditure between persons in plans with
and without a voluntary deductible. A large selection effect is intuitive as only a small, highly
selective group of individuals chooses the voluntary deductible. A selection effect of 340
euros is more than the observed 267 euros difference in healthcare expenditure between 19 to
21 without and with a voluntary deductible (reported in Table 4.2). Therefore, it must be the
reduction in healthcare spending due to the mandatory deductible that makes the difference
41 See

Section 4.4 and Footnote 31 for the definition of the selection effect.
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Figure 4.3: Difference in predicted healthcare expenditure at age 18

in healthcare spending between the two groups smaller. That is, persons in group never (with
higher expected expenditures) reduce their expenditure more in response to the deductible
than persons in group at least once. It is also more than the 233 euros average difference in
healthcare expenditure between 15 to 17 year olds, which seems in line with the diverging
trends in healthcare expenditure for persons in the two groups below 18 years old in Figure
4.1.
Our results in Table 4.4 – that individuals who never chose a voluntary deductible are more
price responsive than individuals who chose a voluntary deductible at least once – suggest that
there could be selection on moral hazard: persons who never chose a voluntary deductible
(i.e. more generous coverage) respond more strongly to an increase in the deductible compared to persons who chose a voluntary deductible at least once (i.e. less generous coverage).
However, other mechanisms than selection on moral hazard could explain this difference as
well. For example, it is possible that the level of the mandatory plus voluntary deductible is
so high and the expenditure levels of persons in group at least once so low, that there are few
individuals affected by the deductible at the margin. If that is the case, the zero response to
the deductible change would be the result of the fact that they are simply not affected by the
change in the deductible size, whereas individuals in group never do respond because they are
affected at the margin by a change in the deductible size. It could also be that persons with a
voluntary deductible are simply so healthy, they do not have any healthcare consumption they
can reduce when their deductible increases. This would mean that our findings are actually
traditional selection – persons with a good health choose less coverage – and not selection on
moral hazard.
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Figure 4.4: Average expected end-of-year price for groups never and at least once by year

A difficulty in comparing ν with λ is that we implicitly assume that healthcare consumption becomes more expensive by the same amount for both groups as the deductible increases
with, say, 100 euros. This is not necessarily true. For example, if a person in 2013 with the
maximum voluntary deductible of 500 euros is offered a treatment of 400 euros, then this
treatment will cost him or her 400 euros (assuming he or she does not have and does not
expect any other healthcare expenditures). Increasing the deductible by 100 euros, so from
850 to 950 euros, does not matter for the cost of the treatment: it is still 400 euro. Now if the
same person only faces the mandatory deductible (i.e. he or she does not have a voluntary
deductible) then the treatment would cost him or her 350 euros. Increasing the deductible by
100 euros in this case would also increase the cost of the treatment to 400 euros.
To address this and to test whether it is selection on moral hazard and not traditional selection we perfom two additional analyses. In our first analysis we replace the price variables nt
and ait in models (4.1) and (4.2) by the expected end-of-year price to control for the fact that
the two groups may not be at the margin in the same way. This ensures that the coefficients
of group never and at least once are comparable.
To define the end-of-year price we follow Keeler and Rolph (1977), Ellis (1986), and Klein
et al. (2020).42 The price of healthcare consumption at the individual level is 1 as long as the
deductible is not yet exhausted and 0 as soon as the deductible is exhausted. As individuals
in group at least once are healthy and their deductible level is high, their price will be 1 for
most individuals and throughout most of the year. Individuals in group never, who are less
42 For

an overview of the end-of-year price literature we refer to Klein et al. (2020), who discuss it extensively.
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healthy and face a low deductible, are more likely to exhaust their deductible and will do so
sooner within the year. Their price will then become 0. We compute the expected end-of-year
price by computing the average probability of not exhausting the deductible in a given group
of individuals with the same age, sex and in the same year. Furthermore, we compute this
average probability per age-sex-year category for individuals in groups never and at least once
separately.43 For individuals in group at least once, we also consider the level of the voluntary
deductible when computing the expected end-of-year price.
The average end-of-year prices are presented in Figure 4.4.44 As expected, the average
end-of-year price for individuals in group never is lower than for individuals in group at least
once, as they are more likely to exhaust the deductible. The figure also shows that the average
end-of-year price follows the deductible size between 2008 and 2013: it is relatively constant
between 2008 and 2011 and it increases rapidly in 2012 and 2013.
Table 4.5: Expected end-of-year price as the independent price variable

Marginal effect of an increase in the
expected end-of-year price
Observations

Never a voluntary
voluntary deductible

At least once a
voluntary deductible

-704.14*** (61.37)

-74.97* (44.38)

5,055,617

954,880

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and *** indicate significance based on a two sided test at the .10,
.05, and .01 levels, respectively. The coefficients are estimated with models (4.1) and
(4.2), but with expected end-of-year price as an independent price variable, instead
of nt and ait . The full results of the estimations are available upon request.

The results of reestimating models (4.1) and (4.2) with the expected end-of-year price as a
regressor instead of nt and ait are presented in Table 4.5. The coefficients are much bigger
than in Table 4.4 and statistically significant at a 1 and 10% significance level respectively. The
interpretation of the coefficients is very different from the interpretation of the coefficients in
Table 4.4. A 100 euro increase in the deductible in 2013 would lead to an increase in the end-ofyear price of 0.036 for group never and 0.018 for group at least once. As such, a 100 euro increase
in 2013 would lower healthcare expenditure by 25.35 euros for group never and by 1.35 euros
for group at least once.45 The magnitude of these effects are very similar to those reported in
Table 4.4. We no longer find a zero effect for individuals who chose a voluntary deductible
at least once, but the effect is still significantly and substantially smaller than for individuals
who never chose a voluntary deductible, which indicates that – after controlling for an other
43 Note

that by doing this step, we create more variation in the price variable. Previously, we had only variation over
time for group never. After taking this step, the price also varies by age and sex within a year.
44 Note that Figure 4.4 presents the average end-of-year price for both of the groups per year. There is variation
within the years for both groups, as we compute the end-of-year price for individuals of the same age, sex and
deductible choice (in case of group at least once).
45 -704.14*0.036 is 25.35 and -74.97*0.018 is 1.35.
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potential explanation of selection on moral hazard – the results still suggest selection on moral
hazard effect.
Another approach to test if our findings are the result of the fact that persons in group
at least once are not at the margin is the following. We estimate model (4.2) for group at least
once without the most healthy individuals within that group. By excluding the healthiest, we
exclude those individuals we expect will not respond to a deductible size and who may drive
the low price sensitivity that we find, and we are left with persons who are more likely to be
affected at the margin by an increase in the deductible size.
Table 4.6: Results for persons with healthcare expenditure always above 50 and 100 euros from group
at least once

Marginal effect of €1 increase in total
deductible size (λ)
Mean healthcare expenditure (€)
Mean deductible level (€)
Observations

Always above
50 euros

Always above
100 euros

-0.02 (0.07)

-0.03 (0.13)

801
316
114,717

1,101
300
63,285

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and *** indicate significance based on a two sided test at the .10,
.05, and .01 levels, respectively. Coefficient λ are estimated with model (4.2). The
average levels of healthcare expenditures and the deductible size are reported for
19 to 21 year olds. The full results of the estimations are available upon request.

Table 4.6 shows the estimated coefficients of estimating model (4.2) for persons in group
at least once who have more than 50 or more than 100 euros of healthcare expenditures in
each year when they are 18 year old or over in our data. Even though these individuals are
more likely to be affected at the margin by a change in the deductible – the average healthcare
expenditures of persons 18 and over are higher and closer to the deductible level they face –
we still find no significant effect.46
With these two additional analyses we show that after controlling for other potential causes
for these findings, we still find results which are in line with selection on moral hazard.
The main analysis compares individuals who never chose a voluntary deductible to persons who chose one at least once. If we narrow the latter group to individuals who always,
i.e. each year, chose a voluntary deductible we find a similar coefficient of λ: an increase
in the total deductible size does not affect healthcare spending significantly (see Table 4.7).47
The selection effect has become larger with 463 euros.48 When selecting only persons who
46 Appendix

4.A.10 shows the distribution of healthcare expenditure for the two groups.
is the same, 0.01, if we select persons who sometimes choose a voluntary deductible, but not each year (i.e. not
always).
48 Compared to persons who never chose a voluntary deductible.
47 λ
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Table 4.7: Other comparison groups

Marginal effect of €1 increase in total
deductible size (λ)
Selection effect (€)
Observations

Always a
voluntary deductible

Always a voluntary
deductible of €500

0.01 (0.08)

0.31 (0.65)

463
209,249

534
140,569

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and *** indicate significance based on a two sided test at the .10,
.05, and .01 levels, respectively. Coefficient λ are estimated with model (4.2). The
selection effect is determined compared to individuals who never chose a voluntary
deductible. The full results of the estimations are available upon request.

always chose the maximum voluntary deductible of 500 euros, the selection effect becomes
even larger: 534 euros. The estimated λ coefficient, is large, but insignificant.
We interpret these findings as follows. When moving from the group who chose a voluntary deductible at least once to the group who always chose a voluntary deductible and finally
to the group who always chose the highest voluntary deductible, we move to people who are
(expected to be) progressively more healthy. Hence, one would expect the selection effect to
increase moving from the first group to the last. Indeed, this monotone increase is what we
find in the data.

4.5.1 Robustness analyses
To test whether our results are driven by our specification choices, we have performed several
additional analyses. The results are presented in the appendices. Here we only describe the
main findings. First we show that the age bandwidth choice of three years before and after the
threshold does not affect the results. In Appendix 4.A.12 we show that for a two- or four-year
age bandwidth, we find results very similar to a three-year age bandwidth.
Next we check the effects of a group of chronically ill persons with annual high healthcare
expenditures, who are unlikely to respond to an increase in the deductible, because they will
exceed the deductible anyway. Excluding the chronically ill is therefore expected to increase
the average moral hazard effect. We exclude persons with, before turning 18, healthcare expenditures in the highest decile.49 As shown in Table 4.A.13, we find a much larger coefficient
ν of -0.70 for persons in group never. That translates into a deductible elasticity of -0.26. We
find a coefficient λ of -0.02, insignificant at a 10% significance level, for persons in group at
49 We

only construct deciles based on healthcare expenditure below 18, to make sure we do not select on the deductible effect. The deciles are calculated per year and age category and we only exclude individuals each year in
the highest decile (before they turn 18).
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least once. Furthermore, we find that excluding the persons with high healthcare expenditures
raises the selection effect but not by much.
A potential problem for our estimation is an anticipation effect for 17 year olds: they
consume more care at age 17, while it is still ‘free’ because the deductible will kick in when
they turn 18. Such anticipation effects can result in a bigger drop of healthcare expenditure at
18, and thus inflate our results. Therefore, we omit 17 year olds from the analysis. This does
not affect our findings: we find a ν coefficient of -0.23 for group never and a λ coefficient of
-0.00 for group at least once. The selection effect is 341 euros.
We also test how sensitive our results are to excluding persons who at one point in time
use mental healthcare. When we include them (while not including their mental healthcare
expenditure), we again get similar results. Hence, our choice to exclude people with mental
care expenditures does not affect our results.
Lastly, we reestimate models (4.1) and (4.2) with a different dependent variable: healthcare
services for which the deductible applies, but without dental healthcare costs and without
physiotherapy costs. In 2012 and 2013 the coverage of physiotherapy in the basic benefit
package was limited: before 2012 patients had to pay the first 8 visits themselves, but in
2012 they had to pay the first 12 and in 2013 the first 20 visits themselves (see Remmerswaal,
Boone, Bijlsma and Douven (2019)). Such a change in the basic benefit package could be
– unjustifiably – picked up by our parameters ν and λ. Appendix 4.A.14 shows that the
results only become slightly smaller when we reestimate the models. This makes sense as
physiotherapy is only a small fraction of total healthcare expenditure for 15 to 21 year olds
(see Table 4.2).
In each of these robustness analyses we find that there is a significant reduction in expenditures in response to an increase in the mandatory deductible (for people who never chose a
voluntary deductible). For people with a voluntary deductible, there is no significant response
in healthcare expenditure to changes in the total (mandatory plus voluntary) deductible. We
find a selection effect that varies between 260 and 400 euros.

4.6

extending the age range

The results in the previous sections show that 18 year olds who never chose a voluntary deductible respond to an increase in the deductible whereas persons who chose a voluntary
deductible at least once do not. A zero λ coefficient for persons who chose a voluntary deductible at least once suggests that abolishing the voluntary deductible (reducing it to zero for
everyone) will not increase healthcare expenditure. This result may be different however at

4.6 extending the age range

the full population level. Since the policy choice of abolishing a voluntary deductible should
be evaluated at the population level, we extend our sample to persons of 13 to 65 years old in
the Dutch population.50 Figure 4.5 shows the annual average healthcare expenditures for this
population. Again, the difference in mean healthcare expenditure between persons with and
without a voluntary deductible is clearly visible.

Figure 4.5: Mean healthcare expenditure for 13 to 65 year olds who never chose a voluntary deductible
and for those who chose a voluntary deductible at least once.

For the extended age range, we estimate model (4.4) below, which is identical to model
(4.2) but now we include age dummies (αage
it ) which capture age specific effects which are not
necessarily linear in age. We estimate:
yit = αt + αi + αage
it + λait Tit + it

(4.4)

where yit is identical to yit in model (4.2). For 13 to 65 year olds, we cannot use the same
design as for 15 to 21 year olds. Therefore, we measure an average effect over all age categories
from 13 to 65 with a panel regression design. Also we only estimate model (4.4) for group at
least once and thus exclude persons in group never. That is, we do not estimate Equation (4.1)
for the extended age range as for people who never chose a voluntary deductible we have no
variation in the deductible within a year.
50 This

age bandwidth was chosen because for persons below age 13 we cannot determine whether they have chosen
a voluntary deductible or not and because there are almost no persons above 65 who chose a voluntary deductible
(see Appendix 4.A.15).
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The reason for this choice is the following. In our empirical strategy in Section 4.4 we
assume that time fixed effects αt control for the changes over time that affect all ages in the
bandwidth. Think of the government making changes to the set of treatments covered by
the mandatory insurance. This assumption is less plausible for wide age bandwidths. For
example, if new treatments are added to the basic benefit package which are only relevant to
persons over 50, the time fixed effects will no longer adequately control for this as these are
identified on people younger than 18. With apologies for the stereotype, adding a walker or
Viagra to the basic package may not be picked up correctly by the time fixed effects.
Intuitively, for the age window 15 to 21 in the years 2008 up to 2013, we have observations
moving from non-treatment to treatment groups. This does not happen for, for example,
people over 50 years old in these years. For those over 50 year old who never chose a voluntary
deductible, we do not have variation in the deductible within a year to identify deductible, age
and year effects. Therefore we do not estimate Equation (4.1) for this group. We can, however,
estimate Equation (4.2) – in the form of Equation (4.4) – because for the group who chose a
voluntary deductible at least once, we have variation in deductible within a year.
The results are presented in Table 4.8. The estimated λ coefficients are no longer (around)
zero for persons who chose a voluntary deductible at least once and for persons who sometimes chose a voluntary deductible (but not each year): λ is -0.23, which implies that a
marginal increase in the total deductible size leads to a reduction of healthcare expenditure.
Compared to 15 to 21 year olds, persons who chose a voluntary deductible at least once are
in fact marginally affected by a change in the total deductible size. λ is -0.10, but not significantly different from zero at a 10% significance level, for persons who always chose a
voluntary deductible.51 These coefficients translate into deductible elasticities of -0.16, -0.14
and -0.12 respectively. As we exclude persons who never chose a voluntary deductible from
our analyses, we can no longer estimate selection effects the same way as in Section 4.4. We
therefore proceed by assuming that the elasticity estimated for 18 year olds who never have a
voluntary deductible also applies to the full population.52 Appendix 4.A.16 further explains
how selection effects are computed for the extended age range. We get a selection effect of 788
euros.53 Again, the difference in healthcare expenditure 1, 324 − 565 = 759 euros (Table 4.3) is
mostly selection, not moral hazard.
Table 4.8 suggests selection on moral hazard: we find that persons who sometimes choose
a voluntary deductible (i.e. more generous coverage) respond more strongly to an increase
51 To

clarify: adding the groups sometimes and always a voluntary deductible gives the group at least once a voluntary
deductible.
52 If we make a different assumption, that the elasticity for the full population is equal to the RAND elasticity of -0.2
(Newhouse and the Insurance Experiment Group, 1993), then we get selection effects of 934, 918, and 1,065 euros
for persons in group at least once, group sometimes, and group always, respectively.
53 For persons in group sometimes and group always the selection effect is 773 and 920 euros respectively.

4.6 extending the age range
Table 4.8: Deductible effects for 13 - 65 year olds
At least once a
voluntary deductible

Sometimes a voluntary
deductible (not always)

Always a
voluntary deductible

-0.23*** (0.01)

-0.23*** (0.01)

-0.10 (0.09)

565

590

468

391

350

553

-0.16
7,897,721

-0.14
6,228,469

-0.12
1,669,252

Marginal effect of €1 increase in
the total deductible size (λ)
Mean healthcare
expenditure (€)
Average deductible
level (€)
Deductible elasticity
Observations

Notes: Standard errors are reported between parentheses and clustered at the individual level. *,
**, and *** indicate significance based on a two sided test at the .10, .05, and .01 levels, respectively.
Coefficient λ is estimated with model (4.4). The full results of the estimations are available upon
request.

in the deductible compared to persons who always choose a voluntary deductible (i.e. less
generous coverage). However, when we compare the elasticity estimated for 13 to 65 year
olds who choose a voluntary deductible at least once with the elasticitity of 18 year olds who
never choose a voluntary deductible, there seems to be “opposite” selection on moral hazard:
people with a voluntary deductible are more elastic than people without. We do not think that
this conclusion is warranted for three reasons. First, as explained above, we cannot identify
the elasticity for 13 to 65 year olds with only the mandatory deductible. This elasticity may
very well be higher than the one for 18 year olds. To illustrate, as some of the authors know
from experience, being above 50 and healthy implies more GP visits (and hence more options
for moral hazard) than being 18 and healthy. Second, as mentioned, our identification of the
elasticity for people with a voluntary deductible for the age bracket 13 to 65 is less “clean” than
the one we have for 18 year olds. Finally, another explanation for the larger coefficient λ (in
absolute value) is that (older) individuals who need healthcare are sometimes able to postpone
this consumption until the new year, when they have lowered their voluntary deductible. We
test this potential explanation below.
Each of these points suggests that we should be careful interpreting the elasticities that we
find in this section. They are likely to overestimate the moral hazard effect for 13 to 65 year
olds with a voluntary deductible.

4.6.1 Postponing healthcare consumption until the new year
The estimated coefficient λ in Table 4.8 is no longer (around) zero, but -0.23 for 13 to 65
year olds who sometimes chose a voluntary deductible but not each year. It seems they are
more elastic at older ages. This implies that abolishing the voluntary deductible will raise

147

148

selection and moral hazard effects in healthcare

healthcare expenditures. However, we believe that the coefficient and moral hazard effect is
overestimated.
Indeed, another explanation is that some people in the group with a voluntary deductible
need healthcare at one point in time, but that this is non urgent care which can be postponed
until the new year. That is, after he or she has lowered his or her voluntary deductible. In
that case, the data suggest that healthcare expenditure increases as the voluntary deductible
decreases because without a voluntary deductible the treatment would be accepted right away.
This treatment postponement affects the estimated coefficient and suggests the voluntary deductible leads to a bigger reduction of moral hazard than it actually does.
We test this phenomenon as follows. Within the group sometimes a voluntary deductible, but
not always we distinguish two types. The first type (type 1) are persons who chose a voluntary
deductible for several years, but do not choose it anymore in the subsequent years. These persons may have suffered a (severe) health shock at one point in time with high healthcare costs,
which exhausted their mandatory and voluntary deductible. Because their illness requires
some level of care from that point onward, a voluntary deductible is no longer desirable. The
second type (type 2) are persons who chose a voluntary deductible in each year, except for
one year. They may have experienced some mild health shock for which they needed some
care and chose to lower their deductible. We test if this care can be (partly) postponed to the
next year, when they have lowered their voluntary deductible and pay less out-of-pocket for
the consumed care.
Persons fall into type 1 if they opted for a voluntary deductible for at least two consecutive
years, after which they no longer chose a voluntary deductible. Furthermore, persons are
included into type 2 if they also chose a voluntary deductible for two consecutive years, then
did not choose a voluntary deductible for maximally one year, after which they again chose a
voluntary deductible.
We denote t0 as the year a person switches from having a voluntary deductible, to not
choosing a voluntary deductible (anymore). This means that in year t−1 he or she still had
a voluntary deductible, but in t0 not anymore.54 ytype1 and ytype2 are average healthcare
expenditures before any health shocks for persons of type 1 and type 2 respectively.
For type 1, we expect a large and structural health shock occurs in t−1 which increases
their healthcare expenditures in that year and for the subsequent years by θstruc . Thus, for
persons of type 1, healthcare expenditures are ytype1 in t−2 and ytype1 + θstruc in years t−1 ,
t0 , t1 , et cetera. As healthcare expenditures are constant from t−1 to t0 but the deductible
size decreases, we expect to find a low response for persons of type 1. For persons of type 2, a
minor and temporary health shock occurs in t−1 which will increase healthcare expenditures
54 Note

that individuals must choose the deductible level for year t0 in year t−1 . If they get a health shock, they
cannot lower their voluntary deductible until January 1st of the next year.

4.6 extending the age range
Table 4.9: Deductible effects for type 1 and type 2

Marginal effect of €1 increase in
the total deductible size (λ)
Observations

Type 1

Type 2

Remainder

-0.13** (0.05)

-0.35*** (0.07)

-0.23*** (0.01)

376,512

38,044

5,813,913

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **, and *** indicate significance based on a two sided test at the .10,
.05, and .01 levels, respectively. Coefficient λ is estimated with model (4.4). The full
results of the estimations are available upon request.

from ytype2 to ytype2 + θtemp . If they are able to postpone θtemp from t−1 to t0 , then
we expect that healthcare expenditures increase in t0 compared to t−1 , instead of from t−2
compared to t−1 , which may inflate the estimated coefficient λ.
With model (4.4) we estimate coefficient λ for individuals of type 1 and type 2 (and the
remaining individuals who do not fall into either category). The results are presented in Table
4.9. Coefficient λ is indeed smaller for persons of type 1: -0.13. For persons of type 2 coefficient
λ is as expected large: -0.35. The two coefficients differ in a statistically significant way. The
results suggest that postponing healthcare consumption affects the estimated coefficient λ for
persons of type 2.55
Hence, when doing the policy analysis on abolishing the voluntary deductible, we view
the coefficient of -0.23 in Table 4.8 as an upper bound on the moral hazard effect.56

4.6.2 Policy analysis
There is a public debate in the Netherlands about the voluntary deductible. Proponents of a
voluntary deductible argue that it lowers total healthcare expenditure as people will consume
less healthcare due to the higher deductible which increases the sustainability of the healthcare
system. Second, offering more choice is considered to be beneficial as people differ in their
degree of risk aversion. For people who are close to risk neutral, it is beneficial (from a welfare
point of view) to offer high cost-sharing in the form of a voluntary deductible. If due to higher
cost-sharing, people pay more for healthcare out-of-pocket, it is seen as fair that they also pay
55 We

would expect the differences to exacerbate when looking at hospital care: if individuals of type 1 indeed get
a large health shock, then they are more likely to receive valuable hospital care, which they will accept regardless
of the deductible. Hospital care in the Netherlands however also encompasses less urgent elective care which is
relatively costly and easier to postpone, such as imaging scans and wisdom tooth extraction by a dental surgeon.
If we do the same analysis but with hospital care as a dependent variable, we find that coefficient λ becomes 0.03
and insignificant for persons of type 1. For persons of type 2 coefficient λ remains large and significant at a 1%
significance level: -0.28.
56 Later on in this section, for example in Table 4.10, we use these estimates to present a lower bound effect of the
voluntary deductible on cross subsidies. The mixed use of upper and lower bound for the same coefficients may
be confusing, but they are used in a different context.
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a lower premium. Opponents, however, argue that the premium discount for a voluntary
deductible is too high and that this results in a cross subsidy from high-risk (with only a
mandatory deductible) to low-risk individuals (who are more likely to choose a voluntary
deductible and have no or low costs anyway).
To show this latter argument more formally, consider first the case where no voluntary
deductible exists. We assume the premium P an insurer charges equals:57
P = L+C

(4.5)

where L is the mean loading fee, capturing profits and administrative costs, and C are the
mean net healthcare costs for an insurer, after subsidies and risk adjustment. Now suppose the
government introduces a voluntary deductible and that a share N of the population chooses
this deductible. The premium for people who choose no voluntary deductible is:
P∗ = L1 + C1

(4.6)

and for individuals who choose a voluntary:
P∗ − ∆P = L2 + C2 − OOP − MH

(4.7)

Note that loading fees L1 and L2 may differ across both groups, for example because of
differences in administrative costs or different premium elasticities between the groups. Also
C1 and C2 may differ, for example because of imperfect risk adjustment. Since mainly lowrisk individuals will choose a voluntary deductible, and this choice is not included as a risk
adjuster in the risk adjustment system, mean net healthcare costs for an insurer are likely to
be lower for people who choose a voluntary deductible. ∆P is the mean premium discount
individuals receive for choosing a voluntary deductible, OOP are the mean out-of-pocket
payments due to the voluntary deductible and MH the mean moral hazard effect related to
the voluntary deductible. From Equations (4.6) and (4.7) follows that L1 + C1 = L2 + C2 +
∆P − OOP − MH.
First, consider the case where ∆P − OOP − MH = 0. In this particular case, we have
P∗ = L1 + C1 = L2 + C2 = P. Thus the premium P∗ = P is not affected by the group of
people who choose for a voluntary deductible.58 Now, suppose that ∆P − OOP − MH > 0
then we have that P∗ = L1 + C1 > L2 + C2 . This implies that due to the introduction of the
voluntary deductible individuals with only a mandatory deductible pay a premium P∗ > P.
57 Note

that in the Dutch system of regulated competition there is community rating and risk adjustment.
see why this is the case, consider the initial case in Equation (4.5), then for the population we have that
P = (1 − N)(L1 + C1 ) + N(L2 + C2 ).

58 To

4.6 extending the age range
Table 4.10: Impact of the voluntary deductible on cross subsidies
18 year
olds

Full population
upper
lower
bound
bound

Mean premium discount (∆P, €)
Mean OOP payment w.r.t. voluntary deductible (OOP, €)
Mean moral hazard effect w.r.t. voluntary deductible (MH, €)
Mean cross subsidy ((∆P − OOP − MH), €)

171
76
0
95

147
68
0
80

147
68
-41
38

Total moral hazard effect w.r.t. voluntary deductible (x €1,000)
Total cross subsidies (x €1,000)

0
1,124

0
72,139

-37,148
34,991

6

6

3

Mean premium increase for persons
without a voluntary deductible (€)

Notes: To estimate the upper bound effects, we used the estimated λ coefficient for 15 to 21 year olds,
as presented in Table 4.4. For the lower bound effects, we used the estimated λ coefficient for 13 to
65 year olds, as presented in Table 4.8. The mean premium discounts for a voluntary deductible are
computed as the weighted average of premium discounts of the five voluntary deductible levels (see
Appendix 4.A.1 and 4.A.3). The OOP payment is calculated for each individual in our data given
his or her choice of the voluntary deductible and healthcare expenditures. We multiply coefficient λ
by the average voluntary deductible level. Mean cross subsidy equals the premium discount minus
the OOP payment w.r.t. the voluntary deductible plus the moral hazard effect w.r.t. the voluntary
deductible. The total effects are calculated by multiplying the mean effects by the number of persons
with a voluntary deductible in the age range. Furthermore, the mean premium increase for persons
without a voluntary deductible is computed by dividing the total cross subsidies by the number of
persons without a voluntary deductible in the age range. Note that due to rounding, the numbers
may not add up.

The introduction of the voluntary deductible raises the premium for the high-risk types. In
other words, high-risk individuals pay a cross subsidy of N(∆P − OOP − MH)/(1 − N) to
low-risk individuals.
Our paper contributes to this debate. First, we show how much healthcare expenditures
differ for people with and without a voluntary deductible. Second, we show how much healthcare spending will increase if the voluntary deductible is abolished. Third, we show whether
cross subsidies take place from high-risk individuals, for whom a voluntary deductible would
be unprofitable, to low-risk individuals individuals, who choose a voluntary deductible.
The results above show that 18 year olds who have chosen a voluntary deductible at least
once do not reduce their healthcare spending in response to an increase in the total deductible
size (i.e. MH = 0 in Equation (4.3)). This suggests that abolishing the voluntary deductible
would not affect healthcare spending for this age group. This result may be extreme and can
be different at the full population level. To provide an answer to the aforementioned questions
at the population level, we use the analysis of persons aged 13 to 65 in the Dutch population
(with the caveats mentioned earlier) as well as the results for 18 years old, as they provide
upper and lower bounds of the effects.
To calculate the average moral hazard effect as a result of the voluntary deductible, we
use the estimated λ coefficient for persons in group at least once of 13 to 65 year olds, see
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Table 4.8, and of 15 to 21 year olds, see Table 4.4.59 In addition, we compute the average
premium discount and the average out-of-pocket payment due to the voluntary deductible for
individuals of all ages, including mental and dental healthcare expenditure and persons who
use mental healthcare services. Although including these expenditures and people is “less
clean” from an econometric perspective, they are relevant for the policy analysis. We proceed
by assuming that the estimated coefficient λ from models (4.2) and (4.4) also applies to these
cost categories and individuals. In this sense, the analysis here is meant as an illustration of
the policy implications of our results rather than well grounded policy advice.
Table 4.10 presents the results for 18 year olds and the full population, the latter with an
upper and lower bound, with a voluntary deductible. Note that 18 year olds have a higher
premium discount and larger OOP payments than the full population because they chose
higher voluntary deductible levels. For 18 year olds, we find substantial cross subsidies for
the voluntary deductible: 94 euros per person with a voluntary deductible. The average outof-pocket payment due to the voluntary deductible and the average moral hazard effect do
not add up to the average premium discount. In other words, in this age bracket there is a
cross subsidy from high-risk people (who never choose a voluntary deductible) to low-risk
people (who tend to choose a voluntary deductible at least once). Abolishing the voluntary
deductible and pooling everyone into one contract (with one mandatory deductible) would
lower the premium for high-risk individuals.
For the lower bound estimate of the full population, we find slightly smaller effects because
there is a moral hazard effect and the premium discount is lower. The reduction in cross
subsidies due to the voluntary deductible is between 38 and 80 euros per person. Abolishing
the voluntary deductible will most likely increase healthcare spending as the moral hazard
effects listed in Table 4.10 (in total roughly 37 million euros) would disappear. But recall from
the analysis above that we view this as an upper bound on the moral hazard effect (and a
lower bound on cross subsidies). Even with this upper bound on moral hazard, we find that
the reduction in the premium is “excessive” compared to reduced expenditure and increased
out-of-pocket payments: voluntary deductibles increase the cross subsidy from high to low
risks.
If we assume “all else equal” after abolishing the voluntary deductible then the premium
for people who did not choose a voluntary deductible would decrease with 3 to 6 euros
whereas persons with previously a voluntary deductible would pay more as they would no
longer receive the premium discount.60 We observe only modest benefits for the high-risk
59 Appendix

4.A.17 shows that using the estimated λ coefficient for 13 to 65 year olds in group always, leads to similar
results.
60 Note that it is not obvious that “all else will be equal”: for example, if people with and without a voluntary
deductible are pooled together their pooled elasticity and hence the mark-up can be different.

4.7 concluding remarks

types, which is due to the fact that currently a large majority of the population does not opt
for a voluntary deductible.
Abolishing the voluntary deductible is not the only option for policy makers to reduce
cross subsidies. One likely reason for cross subsidies is imperfect risk adjustment. Therefore,
one can think of improving risk equalization, and thereby lowering the premium discount,
or offering risk adjusted premium discounts: a lower discount for low risks and a higher
discount for high risks. Such a risk adjusted premium discount would make choosing a
voluntary deductible more interesting for less healthy individuals as well. Health insurers
could also consider offering voluntary deductibles which apply for several consecutive years.
Such voluntary deductibles would prevent strategically lowering and increasing the voluntary
deductible based on the expected need of healthcare (see Section 4.6.1) and could lower cross
subsidies if it would increase the mean out-of-pocket payment paid due to the voluntary
deductible and the mean moral hazard effect (as listed in Table 4.10).
Summarizing, we find that abolishing the voluntary deductible in the Netherlands will
lead at most to a modest increase in healthcare spending.61 Although there is a substantial
difference between the mean expenditure of people with and without a voluntary deductible,
most of this difference is due to selection and only a small part is due to moral hazard.
The large selection effect would suggest that the market unravels. This does not seem to be
happening however. A potential explanation is that the Dutch are very risk averse and do not
easily opt for less generous coverage or that health insurers do not fully translate the selection
effects into premium discounts. This is related to the observation that the share of individuals
choosing a voluntary deductible is relatively small. If there are plenty of individuals with good
health who do not choose a voluntary deductible, this mitigates the large selection effects and
prevents a downward spiral (Marzilli Ericson and Sydnor, 2017).
Hence, abolishing the voluntary deductible has two effects in its favor: there is hardly an
increase in healthcare costs and the cross subsidy from high-risk to low-risk types is removed.
These benefits need to be weighed against the benefit of offering choice for people who differ
in their degree of risk aversion.

4.7

concluding remarks

This paper separates the moral hazard and selection effects of a voluntary deductible scheme
using Dutch individual claims data of all inhabitants in the Netherlands for the period 2008
61 Abolishing

the mandatory deductible is also a policy which is discussed by Dutch politicians and policy makers.
Based on our results – estimated for 18 year olds – we would expect that abolishing the mandatory deductible
would lead to a much bigger increase in healthcare expenditure.
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to 2013. We find that people who choose a voluntary deductible have substantially lower
costs than people who face only the mandatory deductible. Using panel data and a quasiexperimental approach in the spirit of regression discontinuity design we show that most of
the cost difference between people without and with a voluntary deductible is due to selection:
healthy people are more likely to opt for a voluntary deductible.
Moral hazard effects explain the other part of the difference in healthcare expenditure:
with a higher deductible, healthcare becomes more expensive and healthcare use is reduced.
We find evidence of moral hazard heterogeneity: persons who have never chosen a voluntary
deductible reduced their healthcare spending at age 18 by 26 euros on average, when faced
with a 100 euro increase in the deductible. However, persons who have chosen a voluntary
deductible at least once, did not respond to an increase of the deductible at the same age.
These findings suggest selection on moral hazard and cannot be immediately explained by
other explanations. For an extended age range of 13 to 65 year olds, we use a panel regression
and find that a 100 euro increase in the deductible leads to an average reduction in healthcare
spending of 23 euros per person for persons who chose a voluntary deductible. However, this
is an upper bound on the moral hazard effect as we find evidence suggesting that people with
a voluntary deductible tend to postpone treatment to the new year where they lower their
voluntary deductible.
For the population as a whole these results translate into modest moral hazard effects:
abolishing the voluntary deductible would increase healthcare expenditure for the Netherlands but not by as much as the difference in average expenditures between the groups would
suggest.
People who choose a voluntary deductible understand their (low) health risk, and subsequently choose a high deductible. In return, they get a premium discount as a reward for
being healthy. We show that a voluntary deductible increases the premium for people who do
not choose a voluntary deductible, as the sum of the out-of-pocket payment and reduction of
moral hazard due to the voluntary deductible is somewhat lower than the premium discount
that they receive.

4.7 concluding remarks
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4.a

appendix

4.a.1

Nominal premium and premium discounts

Average nominal premium (€)
Premium discount voluntary
deductible level (€):
€100
€200
€300
€400
€500

2008

2009

2010

2011

2012

2013

1,050

1,059

1,095

1,199

1,226

1,213

41
84
121
163
202

42
84
121
162
205

44
86
126
166
210

44
86
127
168
219

45
87
129
174
229

45
88
131
175
230

Notes: The table presents the average annual nominal premium for the basic
benefit package and the average annual discounts for the five voluntary deductible categories. The numbers in the table are obtained from the Dutch
Healthcare Authority (Dutch Healthcare Authority, 2011b, 2013).

The first row in the above table presents the average nominal premium individuals have
to pay for basic insurance. Note that this premium is not the full amount that individuals pay
for basic health insurance. Another part is collected through income dependent contributions
via the tax office (see Section 4.2). The other rows show the average discount that individuals
receive on the nominal premium when choosing one of the five voluntary deductibles. The
discount is higher for higher voluntary deductibles.

4.a.2

Data cleaning procedure

To clean the data, we exclude persons without a (pseudonymized) social security number, an
invalid postal code, and/or a missing or invalid health insurance registration period. The registration period is usually one year, because health insurance is mandatory and an individual
can only change health insurer in January of a given year. In some cases, an observation can
have a shorter registration period if the enrollee emigrates or dies. We exclude persons with
a registration period of more than one year. We exclude observations with other administrative errors: individuals with negative healthcare expenditures and individuals with errors in
their age pattern over time. In total, we remove 2,834,720 observations from our data which
corresponds to 2% of the total number of observations.

4.a appendix

4.a.3

Evolution of voluntary deductible choice over time for 19-21 year olds who chose a
voluntary deductible at least once

Share of sample per
voluntary deductible level (%):
€0
€100
€200
€300
€400
€500

2008

2009

2010

2011

2012

2013

Average

69
6
4
3
1
17

69
4
3
8
0
15

60
4
3
13
0
20

42
4
3
18
1
32

28
5
4
21
1
42

33
6
6
4
1
50

50
5
4
11
1
29

Notes: The table presents voluntary deductible choice for for 19 to 21 year
olds who chose a voluntary deductible at least once.

4.a.4

Evolution of voluntary deductible choice over time for full (adult) population

Share of sample per
voluntary deductible level (%):
€0
€100
€200
€300
€400
€500

2008

2009

2010

2011

2012

2013

Average

95
2
1
1
0
2

95
2
1
1
0
2

95
2
1
1
0
2

94
1
1
1
0
3

93
1
1
1
0
4

90
1
1
1
0
6

93
1
1
1
0
3

Notes: The table presents the fraction that did not choose a voluntary deductible or
for one of the five voluntary deductible categories. Due to rounding the sum in the
columns may not add up to 100%.
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4.a.5

List of healthcare expenditure categories

Type of costs
GP registration
GP visits
Other costs of GP care
Pharmaceutical care
Dental care
Obstetrical care
Hospital care
Physiotherapy
Paramedical care
Medical aids
Transportation for persons lying down
Transportation for seated persons
Maternity care
Care that is delivered over the Dutch borders
Primary healthcare support
Primary mental healthcare support
Mental healthcare with (overnight) stay
Mental healthcare without (overnight) stay:
- at institutions
- by self-employed providers
Other mental healthcare costs
Geriatric revalidation
Other costs

Apply to the deductible

Included in yit

X
X

X

X
X
X
X
X
X

X
X
X
X
X
X

X

X

X
X
X
X
X
X

X
X

Notes: Cost categories marked with X in the second column apply to the deductible. The
other cost categories are exempted from the deductible. yit in the third column refers to
the dependent variable in our baseline specification. See Equation (4.1) in Section 4.4. The
cost categories marked with an ‘X’ in the third column are included in yit . This table is
duplicated from Remmerswaal, Boone, Bijlsma and Douven (2019).

4.a appendix

4.a.6

Distribution of healthcare expenditure for 19 to 21 year olds averaged over 2008 to
2013 and capped at 1,000 euros

62 Capping

62

the distribution of healthcare expenditure at 1,000 euros excludes 6.7% of group never and 11.2% of group
at least once.
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4.a.7

Illustration of identification of the marginal deductible effect (where D1 < D2 )
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4.a.8

Regression results of the baseline specification

Never a
voluntary deductible
(1)
(2)

At least once a
voluntary deductible
(3)
(4)

Year dummies
Age centered
Age centered * treatment
Individual fixed effects

-0.24***
(0.06)
-56.10***
(13.54)
Yes
Yes
Yes
No

-0.26***
(0.07)
-53.63***
(16.33)
Yes
Yes
Yes
Yes

-0.21***
(0.01)
9.10
(7.69)
Yes
Yes
Yes
No

0.00
(0.02)
-58.81***
(10.56)
Yes
Yes
Yes
Yes

Observations
R-squared

5,055,617
0.000

5,055,617
0.707

654,880
0.001

654,880
0.501

Deductible size (ν, λ)
Treatment dummy (τ, θ)

Notes: Standard errors are reported between parentheses and clustered
at the individual level. *, **, and *** indicate significance based on a
two sided test at the .10, .05, and .01 levels, respectively. Columns (1)
and (3) are estimated with ordinary least squares estimation, (2) and
(4) include individual fixed effects (models in Equations (4.1) and (4.2)
respectively). The first two columns apply to persons who never chose
a voluntary deductible and the last two columns apply to persons who
chose, at least once, a voluntary deductible. Other coefficients are available upon request.

4.a.9

Different clustering of standard errors

Clustered by individuals
Clustered by age
Clustered by age cohort
Clustered by individuals * age

Never a
voluntary deductible
ν

At least once a
voluntary deductible
λ

0.07
0.02
0.05
0.06

0.02
0.03
0.04
0.02

Notes: The table reports standard errors of coefficient ν, estimated
with models (4.1) and (4.2). The analyses that were conducted for this
table are the same as in Table 4.A.8, but differ in the way standard
errors were clustered.
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4.a.10 Distribution of healthcare expenditure for 19 to 21 year olds in group ‘at least once’
who always had healthcare expenditures above 50 and 100 euros, averaged over
2008 to 2013 and capped at 1,500 euros.

4.a.11 Heterogeneous effects across income and for men and women
The main analyses, as presented in Table 4.4, do not look into heterogeneity across different groups of individuals. Here, we estimate models (4.1) and (4.2) separately for men and
women, and individuals living in areas with different average household income quintiles.
The marginal effect of the deductible differs significantly, at a 1% significance level, for men
and women who never chose a voluntary deductible. Women respond more strongly to an increase of the deductible: we estimate a coefficient ν of -0.38 for women and -0.15 for men. This
finding is in line with for example Klein et al. (2018), for the Netherlands, and Johansson et al.
(2019), for Sweden. However, the literature is mixed and remains inconclusive. For example
Klein et al. (2020) find similar responses to cost-sharing for men and women and Cockx and
Brasseur (2003) find the opposite for Belgium. We find no significant difference in the results
for men and women who chose a voluntary deductible at least once.
The differences in price responsiveness across incomes is not completely established in the
literature either, yet it points towards low income groups being more responsive. Baicker et al.
(2015) formulate it well: “Overall, the evidence to support the contention that low income
groups are more price sensitive is suggestive, but seems less than fully reliable.” For the
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Netherlands, Klein et al. (2018) and Klein et al. (2020) find similar responses to cost-sharing
across incomes. When we compare individuals living in postal code area with a different
income, we find that ν is higher (in absolute value) for persons living in a low income area
(Quintile 1) than for persons living in a high income area (Quintile 5). We estimate deductible
elasticities of -0.15 and -0.09 for Quintile 1 and Quintile 5 respectively. These differences are
however not statistically significant. For individuals in group at least once, we observe no
difference among household income quintiles.
Never a voluntary deductible
Effect of €1 increase
Deductible
in the deductible size (ν)
elasticity
Women
Men
Q1
Q5

-0.38*** (0.10)
-0.15 (0.11)
-0.41** (0.18)
-0.28* (0.15)

-0.11
-0.06
-0.15
-0.09

At least once a voluntary deductible
Effect of €1 increase
Deductible
in the deductible size (λ)
elasticity
0.01 (0.03)
0.00 (0.03)
-0.01 (0.03)
0.01 (0.05)

0.01
0.00
-0.01
0.01

Selection
effect (€)
358
310
474
443

Notes: Standard errors are reported between parentheses and clustered at the individual level. *,
**, and *** indicate significance based on a two sided test at the .10, .05, and .01 levels, respectively.
Coefficients ν and λ are marginal effects and estimated with models (4.1) and (4.2). νwomen is
statistically different from νmen for persons who never chose a voluntary deductible. The p-value
of the F-test is 0.000. This is not the case when comparing the lowest household income Quintile
1 (denoted with Q1) with the highest Quintile 5 (denoted with Q5), or for any of the estimated
coefficients for persons who chose a voluntary deductible at least once. The full results of the
estimations are available upon request.

In group never, women appear to be more cost conscious than men in the sense that
they reduce their expenditure more strongly to an increase in the mandatory deductible. Also
women appear to be more reluctant to choose a voluntary deductible requiring lower expected
healthcare costs before accepting a voluntary deductible. This translates into a bigger selection
effect for women compared to men.

163

164

selection and moral hazard effects in healthcare

4.a.12 Multiple age bandwidths

Age
bandwidth
2 years
3 years
4 years

Never a voluntary deductible
Estimated Mean expenObserν
diture (€)
vations
-0.22*
(0.13)
-0.26***
(0.07)
-0.20***
(0.06)

577

3,203,989

598

5,055,617

596

6,567,519

At least once a voluntary deductible
Estimated Mean expenObserλ
diture (€)
vations
0.03
(0.03)
0.00
(0.02)
0.00
(0.03)

Selection
effect (€)

319

650,704

259

326

954,880

340

320

1,182,701

358

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **,
and *** indicate significance based on a two sided test at the .10, .05, and .01 levels, respectively. The
results are estimated with models (4.1) and (4.2) and include individual fixed effects. Mean expenditure
is based on individuals of 19 to 21 years old. Other coefficients are available upon request.

4.a.13 Analyses for different sample selections

Sample

(A)
(B)
(C)

Never a voluntary deductible
Estimated Mean expenObserν
diture (€)
vations
-0.70***
(0.06)
-0.23**
(0.11)
-0.31***
(0.08)

538

4,896,518

598

4,229,028

670

5,997,676

At least once a voluntary deductible
Estimated Mean expenObserλ
diture (€)
vations
-0.02
(0.02)
-0.00
(0.02)
0.03
(0.02)

Selection
effect (€)

307

894,500

400

326

813,871

341

355

1,071,415

378

Notes: Standard errors are reported between parentheses and clustered at the individual level. *, **,
and *** indicate significance based on a two sided test at the .10, .05, and .01 levels, respectively. The
results are estimated with models (4.1) and (4.2) and include individual fixed effects. Mean expenditure
is based on individuals of 19 to 21 years old. Other coefficients are available upon request. Sample
selection (A) is without the top decile of healthcare expenditure, sample selection (B) is without 17 year
olds, and (C) is without persons who at one point in time use mental healthcare.
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4.a.14 Analysis on healthcare expenditure without physiotherapy

Never a voluntary deductible
Effect of €1 increase
Deductible
in the deductible size (ν)
elasticity
Without
physiotherapy

-0.23*** (0.07)

-0.08

At least once a voluntary deductible
Effect of €1 increase
Deductible
in the deductible size (λ)
elasticity
0.01 (0.02)

0.01

Selection
effect (€)
338

Notes: Standard errors are reported between parentheses and clustered at the individual level. *,
**, and *** indicate significance based on a two sided test at the .10, .05, and .01 levels, respectively.
Coefficients ν and λ are marginal effects and estimated with models (4.1) and (4.2) but healthcare
services for which the deductible applies, but without dental healthcare costs and physiotherapy
costs as the dependent variable. The full results of the estimations are available upon request.

4.a.15 Fraction of persons with a voluntary deductible by age
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4.a.16 Computation selection effect for extended age range
Let ȳnever denote the average healthcare expenditures for persons who never chose a voluntary deductible and ȳat least once for those who chose a voluntary deductible at least once.63
ȳnever = ᾱnever + νn̄

(4.8)

ȳat least once = ᾱat least once + λā

(4.9)

Next, we decompose ȳnever into two components: νn̄ and ᾱnever or the average reduction
in moral hazard due to the deductible and the rest; see Equation (4.8). n̄ denotes the average
deductible of group never. ᾱnever is the sum of the average individual fixed effect (ᾱi ), the
average year fixed effect (ᾱt ) and the average age fixed effect (ᾱage
it ) for persons who never
chose a voluntary deductible.64 We apply the same steps for persons who chose a voluntary
deductible at least once (group at least once) and define ᾱat least once and λā (see Equation
(4.9)). Taking the difference, we find
n̄ − λā
ȳnever − ȳat least once = ᾱnever − ᾱat least once + ν
{z
} | {z }
|
SE

(4.10)

RMH

where SE denotes the selection effect and RMH the difference in the reduction of moral hazard
effect between the two groups. SE in Equation (4.10) is the average selection effect over time.65
ȳ
as the elasticity is defined as −0.09 = νn̄/ȳ; see footnote
Next we approximate ν by −0.09 n̄

40. As a result, we get a selection effect of 788 euros. Again, the difference in healthcare
expenditure (1, 324 − 565 = 759 euros) is mostly selection, not moral hazard.

63 To

illustrate ȳnever is 1,324 euros and ȳat least once is 565 euros.
use that the error term is on average zero.
65 Note that we assume that τ = θ, as we cannot estimate these terms with model (4.4). However, this assumption
seems not unreasonable, as the difference is only 5 euros for 18 year olds in the fixed effects estimation in Table
4.A.8.

64 We
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4.a.17 Impact on cross subsidies using moral hazard effect from persons who always chose
a voluntary deductible

18 year olds

Full population

Mean premium discount (∆P, €)
Mean OOP payment w.r.t. voluntary deductible (OOP, €)
Mean moral hazard effect w.r.t. voluntary deductible (MH, €)
Mean cross subsidy ((∆P − OOP − MH), €)

171
76
4
98

147
68
-34
46

Total moral hazard effect w.r.t. voluntary deductible (x €1,000)
Total cross subsidies (x €1,000)

48
1,172

-30,806
41,333

6

3

Mean premium increase for persons
without a voluntary deductible (€)
Notes: See Table 4.10.
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This chapter was written with Jan Boone and Rudy Douven. It is based on: Boone, J. and
M. Remmerswaal (2020), A structural microsimulation model for demand-side cost-sharing in
healthcare, CPB Discussion Paper.

170

a structural microsimulation model for demand-side cost-sharing

abstract
Demand-side cost-sharing schemes reduce moral hazard in healthcare at the expense of outof-pocket risk and equity. With a structural microsimulation model, we show that shifting the
starting point of the deductible away from zero to 400 euros for all insured individuals, leads
to an average 4% reduction in healthcare expenditure and 47% lower out-of-pocket payments
for people without a chronic condition. We use administrative healthcare expenditure data for
the Dutch population to analyze the differences between the cost-sharing schemes. The model
is estimated with a Bayesian mixture model to capture distributions of healthcare expenditure,
and which allow us to predict the effects of cost-sharing schemes that have not been in place
in the Netherlands.

5.1 introduction

5.1

introduction

Most healthcare systems and health insurance plans have some form of cost-sharing in place.
Cost-sharing is useful as it prevents moral hazard and curbs healthcare expenditure by shifting
part of healthcare costs to users of care (Zweifel and Manning, 2000). As such, it can improve
efficiency. However, cost-sharing is also the topic of political debates, as it increases the risk
of out-of-pocket expenditure and (chronically) ill people carry the largest financial burden
because of high out-of-pocket payments. Cost-sharing as such can imply a trade-off between
efficiency and equity (solidarity). In this paper, we develop a structural microsimulation
model for demand-side cost-sharing in healthcare in the Netherlands, which we estimate
on a large administrative dataset of inhabitants in the Netherlands. With the model we can
show how multiple demand-side cost-sharing schemes affect the trade-off between equity and
efficiency. One of our main results is that shifting the starting point of the deductible in the
Netherlands by 400 euros leads to an average 4% reduction in healthcare expenditure and 47%
lower out-of-pocket payments for people without a chronic condition.
A cost-sharing scheme puts a price on healthcare for insured individuals. However, the
effectiveness of the scheme in reducing moral hazard is determined by the effective price that
individuals experience (Keeler et al., 1977). The effective price depends on the design of the
cost-sharing scheme and individuals’ health status (more specifically, individuals’ expected
healthcare costs), and whether they are ‘at the margin’. To illustrate, a deductible of 100 euros
in a healthcare plan for chronically ill individuals – who know they will have high healthcare
expenditures – is unlikely to be very effective in reducing their healthcare expenditure: they
are not at the margin. However, the same 100 euro deductible in a plan for students – who tend
to be young and healthy – is likely to be more effective. In order to choose the optimal scheme,
one must have detailed information about the distribution of healthcare expenditure of the
targeted population. Moreover, the optimal design of a scheme will vary across populations
and countries with varying expected healthcare expenditure for example due to differences in
demographics, health status, and institutional setting.
We illustrate this in the four panels in Figure 5.1 for an increase in the deductible from
150 to 350 euros. The top-left panel of the figure shows mean healthcare expenditure for
men and women for each age in the Netherlands for 2008.1 Two solid, black horizontal lines
represent the lowest deductible in our data of 150 euros (in place in the Netherlands in 2008)
and highest deductible of 350 euros (in place in 2013). The graph illustrates that the fraction
of individuals affected by an increase in the deductible from 150 euros to 350 euros varies by
age and gender: the average expenditure for men are around 350 euros between age 20 and
1

The exact definition of healthcare expenditure that we use in this paper is given in Section 5.3.2. The figure is
drawn using our training data set.
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40, whereas expenditures for women aged 30 to 40 years are well above the highest deductible
level. Based on the average expenditures shown in the top-left panel in the figure for each
gender-age category, it seems as if only a few persons would be affected (at the margin) when
increasing the deductible from 150 to 350 euros. If we zoom in however, into the distribution
for each gender-age category, we see that looking at mean values is not enough and that the
distribution is important.

Figure 5.1: Healthcare expenditure across ages for men and women

The top-right panel shows for each gender-age category the probability that expenditure
is positive. There is a substantial share of men and women who have no healthcare costs in
a year. Also, the variation across gender and age is large. It is unlikely that everyone would
react in the same way to an increase in the deductible. The bottom row in the figure shows
the expected expenditure, conditional on positive expenditures. For positive expenditures, the
figures also show the 75th and 90th percentile. The overall picture is clear: the distribution of
healthcare expenditure per age group is highly skewed. Many people have zero expenditure:
as shown in the top-right panel, this varies roughly between 40% and 5% per gender-age category. To be able to assess and quantify the effect of different cost-sharing schemes, modeling
the distribution of healthcare expenditure across various groups of individuals is necessary.
In this paper, we model these distributions explicitly and take into account that expenditure in
a gender-age category is likely to be more elastic with respect to the deductible if people are
more likely to be at the margin. We use a Bayesian mixture model and work with the distributions of healthcare expenditure per gender and age category. The uncertainty of estimation
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and simulation outcomes can be preserved in each step of the analysis with the posterior distributions. Furthermore, Bayesian methods combined with a structural model enable us to
simulate the effects of cost-sharing schemes which have not been in place in Dutch healthcare,
and are therefore not available in our data.
The paper begins with a theoretical model where a person can face two types of healthcare
expenditures: exogenous and endogenous expenditures. Exogenous expenditures are of such
high value that changes in the deductible do not affect the decision to accept such a treatment.2
Think of breaking a leg and being plastered up in hospital. For the endogenous expenditures,
people with a high deductible are more likely to forego the treatment. This decision is based
on a person’s expected out-of-pocket payment of a treatment (EOOP) where the expectation
is taken over the distribution of his or her healthcare expenditures. This captures that a 70
year old – presumably – faces higher (exogenous) expenditure than a 20 year old. Hence, for
a given treatment the EOOP is lower for the former, as the 70 year old is likely to exhaust the
deductible anyway.
Our approach, using the expected out-of-pocket payment EOOP as the effective price that
individuals face, is similar, yet different, to using the end-of-year price (Keeler et al., 1977; Ellis,
1986). For a deductible, the end-of-year price can be estimated as the probability that a person
does not exceed the deductible until the end of the contract period, which is a year in the
Netherlands. The end-of-year price captures how much one more euro of healthcare costs a
person. Our data lack a within year time dimension, hence we cannot follow how individuals’
healthcare expenditures evolve within the year. As result, we cannot estimate a true endof-year price. Instead, we integrate over the distribution of (exogenous and endogenous)
expenses that an individual faces over the coming period to calculate the price of treatment,
EOOP. Whereas the end-of-year price is the price of using one more euro of healthcare,
EOOP is not a true marginal price, but the expected expenditure that corresponds to the price
of accepting an additional treatment.3
Our theoretical model is literally brought to the data, that is not in a reduced form, and
estimated as a mixture model with four components. We assume Gaussian processes for both
endogenous and exogenous healthcare expenditures across age. In contrast to age fixed effects, this implies that knowing the average healthcare expenditures of for example 20 year
old males, helps to predict healthcare expenditures of 21 year old males. Figure 5.1 suggests
that such correlation across age indeed exists. The estimations provide posterior distributions
for the parameters in the model and with these parameters we can determine the expenditure
distributions for each gender-age category. Once we have the expenditure distributions, we
2
3

This is given the relatively modest size of the deductible in Dutch healthcare.
With only one type of expenditure (not distinguishing exogenous and endogenous expenditures) and considering
an additional one euro expense, our EOOP equals the end-of-year price.
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can simulate healthcare expenditure under different cost-sharing schemes. We use the posterior distributions throughout the paper and hence can indicate the uncertainty surrounding
any results that we present.
The model is estimated on an administrative dataset which comprises healthcare expenditures of Dutch inhabitants between 2008 and 2013. The baseline model is estimated on more
than half of all Dutch inhabitants: the baseline sample excludes price inelastic individuals
who have been labeled in the data as chronically ill and who have had high healthcare costs in
previous years as well as individuals who are labeled as chronic users of medication. As they
are rather price inelastic and have high healthcare expenditures, including them in the results
would obscure the differences in the effects of the cost-sharing schemes. Furthermore, their
distributions of healthcare expenditures are very different from persons who are not labeled
with these indicators and the number of observations per gender-age category is low. For
the cleanest identification of the effect of the mandatory deductible, persons who chose an
additional deductible voluntarily or persons who used mental health services have also been
excluded from the baseline sample.
The main results of the model are presented in Figure 5.2. The left panel presents the
effect of different levels of deductibles, co-insurance schemes and shifted deductibles which
start at 400 euros on healthcare expenditure. In this figure, we compare all results to a 300
euro deductible by normalizing expenditure on the expenditure with a 300 euro deductible.
As expected, schemes with higher maximum out-of-pocket payments lead to lower healthcare expenditures. Having no demand-side cost-sharing, that is, the maximum out-of-pocket
payment is zero, leads to approximately 8% higher costs compared to a 300 euro deductible.
With a deductible equal to 600 euros, expenditures decrease by more than 10%. Increasing
the deductible, reduces expenditures per head, but at the cost of higher out-of-pocket risk for
insured. This is illustrated in the right panel of the figure. With a 400 euro deductible, the average out-of-pocket payments in all gender-age categories are roughly 20% higher compared
to the average out-of-pocket payments under a 300 euro deductible.
Co-insurance schemes and shifted deductibles with a maximum out-of-pocket payment
of 300 euros reduce both healthcare expenditure and the average out-of-pocket payment per
head. This is because with a co-insurance scheme, people face cost-sharing over a longer range
of healthcare expenditures: not between zero and 300 euros, but between zero and 1,200 euros,
and at a lower rate of 0.25 instead of 1.0. Note that we do not make any assumptions on how
this trade-off between a longer range and lower rate affect expenditures. It follows endogenously from the model by using EOOP and by integrating over the estimated distributions. In
case of a shifted deductible which starts at 400 euros, people face no cost-sharing for expenditures in the interval [0, 400]. Then for expenditure x ∈ [400, 700], they pay x − 400 euros. For
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x > 700, they pay the maximum out-of-pocket payment of 300 euros. The co-insurance scheme
and the shifted deductible lead to a bigger reduction of healthcare expenditure compared to
a 300 euro deductible because they increase the effective price of healthcare that individuals
experience given their expected healthcare expenditures. With these schemes there are more
persons at the margin and over a longer range of healthcare expenditures. The reduction in
healthcare expenditures and out-of-pocket payments alleviates the trade-off between efficiency
and equity.4

Figure 5.2: Effects of demand-side cost-sharing on expenditure per head and out-of-pocket payments

There is a large body of literature on demand-side cost-sharing and moral hazard. Many
models in the cost-sharing literature, such as Einav et al. (2013), Cardon and Hendel (2001),
and Bajari et al. (2014), add more structure to their models than we do because they also need
to model the decision whether to buy insurance, and how generous the insurance should be.
As we explain in Section 5.3, these decisions are not relevant in the context of mandatory
basic insurance in the Netherlands. Our paper is most comparable to Einav et al. (2013) who
develop a model to show evidence of selection on moral hazard. Like our paper, Einav et al.
(2013) make a distinction between exogenous and endogenous healthcare expenditures and
estimate the model using Bayesian methods with panel data. Their setting is, however, more
specific: they study health insurance offered by one employer in the United States, whereas
we have data for the entire population in the Netherlands. The results of our simulations
can therefore be directly used by Dutch policy makers.5 Furthermore, Einav et al. (2013) only
4

5

Note that for our analysis we do not need to model risk aversion because (basic) health insurance is mandatory in
the Netherlands. However, in terms of the trade-off between efficiency and risk, it is clear that in all states of the
world the out-of-pocket is (weakly) lower with a shifted deductible than with a 300 euro deductible starting at 0.
In fact, a version of this model is used by the CPB Netherlands Bureau for Economic Policy Analysis to analyze
and forecast the budgetary impact of cost-sharing schemes proposed by policy makers and political parties.
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compare a zero-deductible scheme to a high-deductible scheme, whereas we simulate and
compare other types of cost-sharing than a deductible.
Other papers using Bayesian estimation techniques to estimate healthcare expenditure
models are for example Deb et al. (2006), Jochmann and Leon-Gonzales (2004), and Hamilton (1999). Like the papers mentioned above, these papers also focus on modeling both the
decision to purchase insurance as well as the level of healthcare consumption. Mukherji et al.
(2016) estimate health demand for aging populations with a Bayesian model. They also adopt
a mixture model, but with two components, to capture both the zeroes as well as the distribution of positive healthcare expenditures. Mukherji et al. (2016) stress the importance of
explicitly modeling the nonlinear effects of age interacted with gender on healthcare expenditure. They use a flexible spline model, whereas we use Gaussian processes (GPs) to model
average expenditures. Moreover, we have a four component mixture model to capture both
endogenous and exogenous expenditures.
Recently the Congressional Budget Office published a technical description of their Medicare Beneficiary Cost-Sharing Model (Duchovny et al., 2019). The purpose of their model is
similar to ours: to estimate the budgetary effects of various cost-sharing schemes at a population level. Like this paper, they use a microsimulation model which they estimate on
administrative data, and they can also present distributional effects of cost-sharing schemes
across beneficiairies. Unlike our paper, Duchovny et al. (2019) do not estimate the behavioral
responses; they primarily apply the results from the RAND Health Insurance Experiment
(Newhouse and the Insurance Experiment Group, 1993).
This paper builds on previous empirical work in which we study the effect of the deductible size for 18 year olds and estimate selection effects due to the voluntary deductible in
place (Remmerswaal, Boone and Douven, 2019). With a panel regression discontinuity design
we exploit the introduction of the mandatory deductible at age 18 and the annual increase
of the deductible size by the government. Remmerswaal, Boone and Douven (2019) find a
deductible elasticity of -0.09. In Section 5.6 we show that the average deductible elasticity in
our model here is the same.
Van Kleef et al. (2009) and Cattel et al. (2017) already show the shifted deductible’s potential for reducing moral hazard in the Netherlands. In this paper, we build on this by
quantifying how much a shifted deductible can reduce healthcare expenditures and, in fact,
out-of-pocket payments.6 Like our paper, Van Kleef et al. (2009) find that the optimal starting
point is not zero (so not a traditional deductible), but positive for all individuals. According
6

Note that Cattel et al. (2017) and Van Kleef et al. (2009) use a different terminology than we do for the differences
between cost-sharing schemes. We use the term ‘shifted deductibles’ for all deductibles with a starting point
strictly above zero. Cattel et al. (2017) and Van Kleef et al. (2009) refer to shifted deductibles with a uniform
starting point as ’doughnut deductibles’ and deductibles with a differentiated or individual starting point as
’shifted deductibles’.

5.2 the model

to Van Kleef et al. (2009), the optimal starting point of a 500 euro deductible is 879 euros. In
this paper we do not perform a full grid search to find the optimal starting point, but our ‘best’
starting point is somewhat smaller. For a shifted deductible with a maximum out-of-pocket
payment of 300 euros, a starting point of 400 euros gives the largest reduction of healthcare
expenditure compared to a deductible of 300 euros which kicks in directly. Van Kleef et al.
(2009) stress that different risk groups should face different starting points as by setting a
uniform starting point, you either reduce incentives for the low risks (for whom the starting
point is likely too high) or it has no effect on high risks (for whom the starting point is likely
too low). In this paper, we do not use the (risk adjustment) indicator which labels individuals
as chronically ill or a chronic user of medication to determine the optimal starting point for
the following reason. In our data, the maximum deductible equals 350 euros which is far
below the relevant margin for people with a chronic condition. Hence, we cannot estimate
their elasticity in such a way that we can confidently do a counterfactual with a shift of, say,
1,000 euros. We do however do an addititonal analysis in which we simulate the effects of a
starting point which is risk adjusted in the sense that it depends on age.
The theoretical model is presented in Section 5.2. In Section 5.3, we describe the institutional setting of healthcare in the Netherlands and the data. We explain how we parameterize
and identify the model in Section 5.4, and discuss the estimation methodology and fit of the
model in Section 5.5. Section 5.6 presents the results of simulating deductibles, co-insurance
rates, and shifted deductibles with the model. We present robustness tests in Section 5.7 and
conclude in Section 5.8.

5.2

the model

The main aim of this study is to simulate average healthcare expenditures per individual
for different demand-side cost-sharing schemes. We do this by modeling the distribution of
expenditures per gender-age category. The effect of a change in cost-sharing comes through a
change in the price of care: the expected out-of-pocket payment (EOOP). EOOP depends on
the level and type of cost-sharing and other healthcare expenditures an individual expects to
make.
To illustrate, consider a person who is offered a treatment. An increase in the deductible
level will on average imply that he or she will pay more for the same treatment out-of-pocket.
However, if this person has high expected costs, such that he or she is more likely to exhaust
the deductible with other treatments anyway, then the additional out-of-pocket payment of
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the offered treatment is very low or zero and the treatment is more likely accepted. We assume
that the treatment is accepted if the treatment’s value exceeds its EOOP.
We follow Einav et al. (2013) and allow for two types of treatment: high value treatments
which are exogenous with regard to cost-sharing, and lower value treatments which are endogenous with respect to cost-sharing. The “exogenous treatments” lead to a distribution of
expenditure against which the EOOP is calculated for an “endogenous treatment”. As either
treatment type can be offered or not to an individual, we use a four component mixture model
to capture healthcare expenditures.
Note that the model is estimated on Dutch administrative data for 2008 to 2013 (see Section
5.3.2). In those years, only a deductible was in place. Some of the choices for the model below
are driven by the fact that we want to simulate various types of cost-sharing, not only the
deductible for which we have data.

5.2.1 Four components
In our model, the distribution of total healthcare expenditure per capita per year is generated
by two types of treatment. The first type, denoted by x, is exogenous to cost-sharing, and
consists of high value procedures that are always carried out, regardless of the size of costsharing (over the relevant Dutch policy range).7 One can think of plastering up a broken leg
or being taken to hospital after a stroke or cardiac arrest. The second treatment type, y, is
endogenous with regard to the deductible and consists of treatments where persons do take
the deductible into account. For example, if a physician offers a person extra imaging services,
he or she may or may not accept this.8
Like Einav et al. (2013) we assume that healthcare expenditures, conditional on being
positive, are lognormally distributed. Below we show that this assumption has two major
computational benefits when estimating the model, and in Section 5.3.3 we show that this
lognormal assumption is a reasonable representation of the data. Hence, we transform our
observed healthcare expenditures Z into logs: z = ln(1 + Z), where 1 (euro) is added to avoid
taking the logarithm of zero.9 As a result, Z = 0 if and only if z = 0; further z > 0. As we
assume that Z|Z > 0 (i.e. Z conditional on Z being positive) has a lognormal distribution,
z|z > 0 is normally distributed.
As x and y denote positive healthcare expenditures, we also model the probability that
someone gets offered an x treatment, that is, has a positive draw of x, as ψx . This treatment,
7
8

9

The model is based on the Dutch healthcare system, in which the level of cost-sharing is low.
Note that we do not label some (types of) healthcare expenditures as x or y ourselves; the distinction between x
and y comes from the observation that some expenditures vary with the deductible level and others do not.
If a person has positive healthcare expenditure, these expenditures tend to be of the order of 100 euros and higher;
adding one euro is immaterial.

5.2 the model

if offered, is always accepted since it does not depend on the deductible by definition. The
probability that someone is offered a y treatment is denoted by ψy . The probability that this
treatment is rejected is denoted by F, to be determined below. We assume that ψx and ψy are
independent.

5.2.2 Mixture model
In the way we view our data, observed (log) total healthcare expenditure is essentially the
sum of x and y; z = x + y. This is however not entirely accurate as the model consists of four,
not two, components when we also take the probabilities that x and y are positive, ψx and
ψy , into account. This is shown in Table 5.1.
There are four possible outcomes for log expenditure: z = 0 if there is neither an x nor
an y treatment. The probability that this happens is the multiplication of the probability that
x = 0, 1 − ψx , and the probability that y = 0. The latter can happen in two ways: either no y
treatment was offered (1 − ψy ), or it was offered, but rejected (ψy F). Further, the probability
that x > 0 is given by ψx and the probability that y > 0 by ψy (1 − F): y is offered and accepted.
Hence, the probability that both x > 0 and y > 0 is given by ψx ψy (1 − F).
Table 5.1: The distribution of total log expenditure
Component

Probability

x=y=0
x>0=y
y>0=x
x, y > 0

(1 − ψx )(1 − ψy + ψy F)
ψx (1 − ψy + ψy F)
(1 − ψx )ψy (1 − F)
ψx ψy (1 − F)

In line with the normality assumption on z|z > 0, we also assume that x|x > 0 and y|y > 0
are normally distributed. This implies that with the exception of x = y = 0, each component
in Table 5.1 is normally distributed. Let the parameters for the x|x > 0 distribution be given by
µx , σx and similarly µy , σy for y|y > 0. Then the distribution of the last component, x, y > 0
q
in Table 5.1 is normal with parameters µx + µy and σ2x + σ2y , since we assume that the x and
y processes are independent (conditional on age and gender). This is the first computational
gain of assuming a lognormal distribution for healthcare expenditure in estimating our model:
we have analytical expressions for each of the four components.

5.2.3 Out-of-pocket payments
The second computational advantage of assuming a lognormal distribution manifests when
calculating EOOP. We think of EOOP as follows: at the start of the period, before exogenous
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expenditure x has been realized, a person is offered an endogenous treatment y. When the
treatment is offered, he or she does not know exactly the price and hence the out-of-pocket
payment of the treatment. Therefore, we model EOOP as an integral over both x and y for
each gender-age category.
Such a definition of EOOP captures that a woman at age 30 has a lower EOOP than a man
at the same age (see Figure 5.1). When being offered a treatment, the woman knows that she
is likely to exceed the deductible anyway and hence the y treatment is basically free. For the
30 year old male, this is not the case and accepting the y treatment will turn out to cost him
money at the end of the year. Hence, the probability that the man accepts the treatment is
lower than for the woman.
Although there is evidence that people respond to spot prices and not to end-of-year prices
because they are myopic, discount future costs, or lack information (Brot-Goldberg et al., 2017;
Remmerswaal, Boone, Bijlsma and Douven, 2019), we assume here they have a least some
idea of their health status, the healthcare they need, and the cost of those treatments, and we
incorporate that in their EOOP.10 We model EOOP as the expectation across the distributions
of x and y.11 As we will see below, the average y expenditures are rather modest. This is
to be expected as some of these treatments are rejected because their value does not exceed
their cost, which can maximally be 350 euros, the maximum deductible size in our data. As
y expenditures therefore tend to be relatively low, it is not necessary to allow for different
distributions of the y treatments.12 Moreover, as shown below, the fit of our model is fairly
good. In this sense, there is no need to extend it with a number of distributions from which y
can be drawn.
First drawing a value of y and have a person decide whether to accept the treatment based
on this expenditure would complicate our estimation. If, say, more expensive y treatments
are more likely to be rejected then the distribution of accepted y treatments is no longer
normally distributed (as the distribution of offered y treatments is). This implies that in the
estimation we would have to simulate the accepted y distribution which increases estimation
time considerably.
We use the following result:

10 For

example, Einav et al. (2015) also assume individuals are forwardlooking in their model. Furtermore, Klein
et al. (2020) find that persons in Dutch health insurance are forwardlooking.
11 In Section 5.7 we also test the validity of this assumption by changing the specification of EOOP.
12 Technically speaking this is feasible. We can allow for n different y distributions. If a person is offered a y
treatment, we first draw the y distribution from which he or she will draw. Then, with this distribution, we
calculate EOOP. We can choose a value for n or estimate it as well. Note that having a sequence of y treatments
being offered is also feasible but more complicated. In that case, we need to solve the dynamic optimization
problem where a person takes into account that accepting the first y treatment makes the following y treatments
cheaper. Each expenditure then has the additional benefit of lowering the effective or end-of-year price (Keeler
et al., 1977; Ellis, 1986). Both extensions are left for future research.
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Lemma 1 Consider a variable χ which is lognormally distributed with parameters µ, σ. Let N denote
the cumulative distribution function of a standard normal distribution with a mean of zero and a
standard deviation of 1. Then the probability that χ < D is given by

P(χ < D) = N

ln(D) − µ
σ


(5.1)

Further, let fχ denote the density function of χ, then
ZD



2

xfχ (x)dx = P(χ < D)E(χ|χ < D) = e

µ+ σ2

N

ln(D) − µ − σ2
σ


(5.2)

With a deductible level of D, the out-of-pocket payment (OOP) as a function of µ, σ is given by
Z



2

OOP(µ, σ) = min{x, D}fχ (x)dx = e

µ+ σ2

N

ln(D) − µ − σ2
σ






ln(D) − µ
+ 1−N
D
σ
(5.3)

Consider a person who is offered a y treatment and who considers the expected cost of
accepting this treatment. This expected cost is given by:
EOOP = (1 − ψx )OOP(µy , σy ) + ψx (OOP(µx + µy ,

q
σ2x + σ2y ) − OOP(µx , σx ))

(5.4)

With a probability 1 − ψx , this person has no other (exogenous) costs during the year. EOOP
is then given by the expected y cost. With a probability ψx , there will be an x as well as a
y cost. EOOP is then determined by the difference between the out-of-pocket cost of both x
and y and the out-of-pocket cost of only x. Because costs are lognormally distributed and
y costs are only known after accepting the treatment, there is an analytic expression for this
q
out-of-pocket OOP(µx + µy , σ2x + σ2y ). This is the second computational gain of assuming a
lognormal distribution of healthcare expenditures.
In our simulations, we consider cost-sharing schemes of the form:
max{0, min{δ(z − ∆), D}}

(5.5)

where z are an individual’s total healthcare expenditure (in levels) and ∆ > 0 denotes the
shift or the starting point of the cost-sharing scheme. ∆ is zero for a traditional deductible,
but positive for a shifted deductible. The co-insurance rate δ ∈ h0, 1] is the percentage of
healthcare costs an individual has to pay out-of-pocket.
Equation (5.5) encompasses many types of cost-sharing schemes. For example, a traditional deductible can be summarized as: no shift (∆ = 0), persons pay the full price until the
maximum is reached (δ = 1), and a maximum out-of-pocket (D > 0). A typical co-insurance
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Figure 5.3: Out-of-pocket payments with a shifted deductible

scheme also has no shift (∆ = 0) and a maximum out-of-pocket payment (D > 0), but individuals pay a percentage of total healthcare costs out-of-pocket (δ ∈ h0, 1i). A shifted deductible
can be described as: cost-sharing does not kick in directly (∆ > 0), persons pay the full price
until the maximum is reached (δ = 1), and a maximum out-of-pocket (D > 0). But combinations are also possible. For example, Figure 5.3 illustrates a payment scheme with ∆ = 200
euros, so the first 200 euros of healthcare costs are paid by the insurance company. After
that, δ = 0.5, so the insured person pays 50% of her expenditures above ∆ out-of-pocket. The
maximum out-of-pocket is 400 euros (D = 400). This maximum is reached when an individual’s healthcare expenditures are z = ∆ + D/δ = 1, 000 euros or more. Expenditure above
this is paid by the insurer. As the next corollary shows, we can use Lemma 1 for analytical
expressions for the EOOP for all cost-sharing schemes in the family in Equation (5.5). For costsharing schemes outside this family, one can simulate the distributions for the out-of-pocket
payments using stochastic integration.
The generalized expression for the OOP is:
Z +∞
OOP =

δ(z − ∆)fχ (z)dx
∆

(5.6)

5.2 the model
Corollary 1 The generalized version of OOP(µ, σ) can be written as



 
ln(∆) − µ − σ2
ln(∆ + D/δ) − µ − σ2
−N
OOP(µ, σ) = δ e
N
σ
σ
 



ln(∆ + D/δ) − µ
ln(∆) − µ
−∆ N
−N
σ
σ



ln(∆ + D/δ) − µ
+ 1−N
D
σ


2

µ+ σ2

where D denotes the maximum OOP, ∆ the shift in the starting point, and δ the co-insurance rate.

5.2.4 Accepting a treatment
In our model, a change in the type or level of cost-sharing affects healthcare expenditure
through a change in the price, EOOP, of an offered treatment and thus the probability that
this treatment is rejected.13
In the model that we estimate below, the probability that an offered y treatment is rejected
(F) is given by:
F(EOOP) = 1 − ζe−νEOOP

(5.7)

where ν > 0 and ζ ∈ h0, 1]. These parameters capture the price responsiveness of healthcare
to changes in cost-sharing. The parameters in this specification of F can be interpreted as
follows: we assume that the hazard rate is constant, ν = f(x)/(1 − F(x)), and ζ denotes the
probability that a free treatment is accepted: 1 − F(0) = ζ. That is, ζ < 1 indicates that there is
disutility associated with treatment which can exceed treatment value. This captures travel to
and waiting time at a provider or side effects of a treatment. As EOOP goes to plus infinity, the
treatment is rejected with probability 1. We think of F as the cumulative distribution function
of treatment utility or treatment value, v.
This is illustrated for both the exponential distribution and a normal distribution (which
we use in a robustness analysis) in Figure 5.4.14 The shaded blue area denotes the additional
probability that a y treatment is rejected when EOOP = 350 instead of EOOP = 0. In other
words, F(350) denotes the mass of y treatments with value between 0 and 350. The green and
blue area below the green curve denotes the same mass for a normal distribution of treatment
value.
13 Modeling

the relationship between EOOP and the probability that a treatment is rejected (F), and not, for example,
the relationship between the deductible size and healthcare spending, allows us to model the effect of many types
and levels of cost-sharing schemes. For a co-insurance rate of 25%, for example, we simply compute EOOP given
the co-insurance rate and the distributions of x and y, and relate EOOP to F. Equation (5.7) can be used for many
cost-sharing schemes, such as deductibles, co-insurance rates, shifted deductibles, et cetera.
14 In fact, the distributions drawn are the average densities for the F distributions (averaged over the posterior
distribution of parameters ν, ζ) for 30 year old females. We come back to this below.
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Figure 5.4: Two distributions of y treatment value

Summarizing, we model the distribution of total healthcare expenditures per capita per
year as the sum of exogenous and endogenous treatments. A change in cost-sharing changes
the effective price (EOOP) of an offered endogenous treatment. As such, it changes the probability that this treatment is accepted and the distribution of healthcare expenditure, z.

5.3

data and setting

We first discuss the institutional setting of healthcare in the Netherlands in the period 2008 to
2013. Then we provide details on our data.

5.3.1 Institutional Setting
This paper focuses on demand-side cost-sharing in curative healthcare in the Netherlands,
which comprises hospital care, general practitioner care, physiotherapy, mental healthcare, et
cetera.15 Long-term care and social care in the Netherlands are organized differently from
curative healthcare, and therefore outside the scope of this paper. In this entire paper when
we write healthcare, we refer to curative healthcare.
15 For

an exhaustive list, see Appendix 5.A.3.

5.3 data and setting

Curative healthcare is organized at the national level by regulated competition (Van de
Ven and Schut, 2008). Health insurers negotiate and contract with healthcare providers, on
behalf of their clients. Health insurance is mandatory and each individual aged 18 or over
must purchase health insurance from one of the health insurers. Everyone below 18 years old
is automatically insured and they do not pay a health insurance premium nor do they face
cost-sharing. The government regulates the market to ensure access to healthcare and protect
risk solidarity. For example, the government has set up regulation that makes sure that health
insurers cannot refuse persons from buying their health insurance. There is an elaborate risk
adjustment scheme to compensate health insurers for healthcare costs of high risk individuals.
The government also sets the coverage of the mandatory basic benefit package and the level
of cost-sharing, which is the same for everyone. There have been changes in the basic benefit
package in the period of this study. These changes, and some other policy changes, are
summarised by Remmerswaal, Boone, Bijlsma and Douven (2019).
Healthcare costs are financed from three sources. The first source is the premium that
each inhabitant above the age of 18 pays for his or her health insurance. Annual premiums
are between 1,000 to 1,250 euros. There is also an income dependent subsidy for persons
with a low income. Dutch inhabitants also pay for healthcare through taxes. The size of the
payment can vary per person and depends on income. The last source is demand-side costsharing. Every person aged 18 or over faces a deductible which kicks in directly (the starting
point is zero). This deductible was introduced in 2008 and since then, the government has
increased its size annually (see Table 5.2).
Table 5.2: Deductibles in the Netherlands for 2008 to 2013
Year

2008

2009

2010

2011

2012

2013

Mandatory deductible (€)

150

155

165

170

220

350

The deductibles in Table 5.2 are mandatory deductibles. It is possible to increase the size
of this mandatory deductible by choosing a so-called voluntary deductible. Each year, Dutch
inhabitants (aged 18 or over) can choose a voluntary deductible of 100, 200, 300, 400, or
500 euros, in return for a discount on their premium. For example, if someone chose the
maximum voluntary deductible in 2008, then he faced a total deductible of 650 euros. A
voluntary deductible is chosen by only (roughly) 10% of the insured population. The size
of the premium discount is set by health insurers and the average discount for a 100 euro
voluntary deductible in 2013 was 45 euros and 230 euros for a 500 euro voluntary deductible.
Some health services in the basic benefit package are exempted from cost-sharing. These
services are primary care, general practitioner care, maternal care and obstetric care. These
health services cover a small fraction, roughly 8%, of total costs in curative healthcare. For

185

186

a structural microsimulation model for demand-side cost-sharing

health services such as hospital care, physiotherapy, and pharmaceutical care, cost-sharing
does apply.
Health insurers offer supplementary insurance on top of health insurance for care in the
basic benefit package. Such supplementary insurance policies cover other health services
than the basic benefit package, such as contact lenses and glasses, alternative medicine, extra
dental checks, and cosmetic surgery. Supplementary insurance is therefore an addition to
regular insurance, not a substitute. Supplementary insurance is optional and can be bought
from a different insurer than insurance for the basic benefit package.16 In this paper, we only
study the basic insurance market and not the supplementary insurance market.
Since basic health insurance is mandatory in the Netherlands, we do not (need to) model
the decision to buy insurance. Coverage of basic insurance is set by the government and thus
does not vary (much) between insurers. Consequently there is little if any selection in our
data. Finally, we omit citizens from our data who chose a voluntary deductible in any year
in our data.17 This allows us to focus on the effect of cost-sharing on the decision to accept a
treatment or not. In this sense, our model is simpler than some of the moral hazard models
discussed in the introduction of this paper.

5.3.2 Data
Proprietary healthcare claim data are used to estimate this model. The data include all
claims of all, approximately 17 million, Dutch inhabitants for years 2006 to 2013. The data
have been collected by Dutch health insurers and assembled by Vektis. The data have been
pseudonymized, are not publicly available, and do not suffer from underreporting of healthcare claims.18 The same data and a similar cleaning procedure were used in Remmerswaal,
Boone, Bijlsma and Douven (2019) and Remmerswaal, Boone and Douven (2019). In this paper, we therefore repeat the cleaning procedure (see Appendix 5.A.2) and data description.
We exclude data for years 2006 and 2007, because another cost-sharing scheme, a no-claims
rebate, was in place. In those years, persons with low healthcare consumption would get a
bonus at the end of a year, instead of paying a deductible. Remmerswaal, Boone, Bijlsma
and Douven (2019) show the rebate has a smaller effect on healthcare expenditure than a deductible. We omit 2006 and 2007 and only use the years a deductible was in place, to simplify
16 Over

85% of the Dutch population bought supplementary health insurance in our data period (Dutch Healthcare
Authority, 2014).
17 See Remmerswaal, Boone and Douven (2019) for an analysis of selection effects caused by the voluntary deductible.
18 Healthcare providers are only compensated for treatments which have been reported to the patient’s health insurer.
Healthcare providers send their bills to the insurer electronically, who subsequently will bill the patient (if the
deductible is not exhausted).
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the model and estimations. After cleaning and excluding the years 2006 and 2007, the train
data comprise over 58 million observations.19
Total healthcare expenditures of each Dutch inhabitant is one of the main variables in the
data. As we are interested in the effect of cost-sharing, our expenditure variable only includes
cost categories that fall under the deductible (see Appendix 5.A.3). All variables in the data
are only available at a year level. As a result, we do not know how healthcare expenditures
evolve within the year.20 Total healthcare expenditure can be separated into 21 healthcare
categories, such as general practitioner care, maternity care, hospital care, and mental care.21
Several person characteristics are available, such as gender, age, indicators of chronic use
of care, and chronic use of medication, and a person’s annual choice of a voluntary deductible.
Age is available in years and registered for December 31st in every year.22 To make sure we
have enough observations per gender-age category, we pool everyone older than 90 years in
age category 91. We use DCG to abbreviate of diagnosis cost group (‘diagnosekostengroep’);
this is an indicator for chronic illness and high healthcare costs in previous years. Similarly,
PCG is an abbreviation of pharmaceutical cost group (‘farmaciekostengroep’), which indicates chronic use of medication.23 Lastly, the annual choice of a voluntary deductible ranges
between 0 (no voluntary deductible was chosen) to 500 euros (the maximum voluntary deductible).
The model is estimated on a baseline sample. This baseline sample is similar to Remmerswaal, Boone, Bijlsma and Douven (2019) and omits specific observations and cost categories
from the data. First, all persons with any mental healthcare expenditures are excluded, because additional co-payments for mental healthcare were introduced in 2012. Furthermore,
dental costs are excluded because the coverage of dental care changed for persons over 18
years old between 2008 and 2010, but not for persons under 18 years old. Persons who chose
a voluntary deductible in the data are also excluded. If they chose the voluntary deductible
at least once, we exclude them in all years, to control for potential selection effects of the voluntary deductible. The only difference between the baseline sample in this paper compared
to Remmerswaal, Boone, Bijlsma and Douven (2019) is that we also exclude persons who are
chronically ill or chronic users of medication (and who have been labeled with a DCG of PCG
in the data). The share of persons with label DCG and/or PCG is relatively small and their
distribution of healthcare expenditure is very different from people without it. This would
complicate identification because we use the distributions of costs per gender-age category as
19 See

Section 5.3.4 below to read more about the train data.
et al. (2018) use (other) Dutch data to analyze the dynamics of expenditures within a year.
21 Appendix 5.A.3 is a list of all cost categories that are available in the data.
22 An individual born on December 1st in 1963 is classified in our data as 50 years old in 2013, even if he or she was
49 years old for 11 months that year.
23 DCG and PCG are variables from the Dutch risk adjustment system, which aim to identify chronic disorders that
are correlated with high healthcare expenditures.
20 Klein
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Table 5.3: Summary of the sample selection in the train data

Age (mean)
Number of observations
Fraction of positive expenditures
Expenditure (mean)
Expenditure (std. dev.)
Log expenditure (mean)
Log expenditure (std. dev.)

Women

Men

34.63
16,367,197
0.81
750.53
2,667.00
4.42
2.62

33.72
16,117,158
0.69
571.48
2,963.61
3.58
2.80

an expectation for the people in the category. Furthermore, people labeled with DCG and/or
PCG are unlikely to be affected at the margin by the deductible as their healthcare expenditures are well above the deductible range in our data. If we would use separate gender-age
categories for people labeled with DCG and/or PCG then the number of observations in those
categories would be rather low.
All in all, by using the baseline sample, we lose about 44% of the data with the selection
steps described above. However, the observations that we lose, are not directly relevant for
our research question, because the groups are rather inelastic to the changes in the mandatory
deductible. For the DCG and PCG categories, their expected expenditures are (far) above the
highest deductible in our date. People with a voluntary deductible can undo the changes in
the mandatory deductible in our data. An increase in the mandatory deductible of, say, a 100
euros can be compensated by a reduction of 100 euros in the voluntary deductible. In the
robustness analyses we come back to our sample selection.
To summarize, our main dependent variable of healthcare expenditure covers costs of
health services for which the deductible applies. Dental costs, individuals who chose a voluntary deductible at least once in our data, chronically ill persons, chronic users of medication
and persons who used mental health services have been excluded.

5.3.3 Descriptive statistics
Table 5.3 summarises the data of the baseline sample for women and men separately. The
average age is around 34 for both men and women. There are slightly more women in the
sample and they have higher healthcare expenditures: the mean healthcare expenditures are
750 euros for women compared to 571 euros for men. The average healthcare expenditures
are low, which indicates that the subsample is relatively healthy. About 80% of the women in
our baseline sample has some healthcare expenditure, compared to 70% for men.
Table 5.3 already indicates the skewness of healthcare expenditure in the data. Figure 5.5
illustrates this further. The figure shows how well a lognormal distribution fits healthcare
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expenditure (conditional on being positive) in the data. The histogram denotes the raw data
(in levels on the left and in logs on the right). The plotted line denotes an estimated lognormal
distribution (for just this distribution; not our estimated model). The fit is not unreasonable
but not perfect either. It seems to capture the skewness of the distribution of healthcare
expenditure well. In fact, the right panel suggests that it is better approximated by the sum of
normal distributions. This is, indeed, what our mixture model does.

5.3.4 Train, validation and test data

In this study, we follow the machine learning custom to divide the data into a train, validation
and test dataset (McElreath, 2020). The train dataset is used to estimate the parameters of
the model. With the model and the estimated coefficients of these parameters, outcomes are
predicted, which are compared to the validation data. If the fit is not good yet, we can go back
to the model, make some adjustments, and repeat this procedure. To assess the final fit of the
model, the predictions are compared to the test data. This last step we will do after the paper
is finalized for publication. The current version of the paper only uses the train and validation
sets.
By splitting the data into these datasets we prevent overfitting of the model. For this
paper, we applied stratified sampling to make each dataset representative in terms of age,
gender and years. The test and validation datasets each comprise 20% of the total data, and
the train dataset the remaining 60%.

Figure 5.5: Two illustrative distributions for positive healthcare costs
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Figure 5.6: Log healthcare expenditure for women conditional on being positive

5.4

econometric specification

This section explains how we parameterise and identify the model.

5.4.1 Parameterisation
As mentioned, the distribution of (log) total healthcare expenditure per capita per year, z,
is modeled as a mixture distribution with four components. As shown in Figure 5.1, the
distribution of expenditure by age is very different for men and women. That is why we
estimate the model separately for men and women.
We expect age to have an effect on components x and y, and therefore we model paramaters µx , µy , ψx , ψy as Gaussian processes (GPs) with age. To illustrate this choice, consider
Figure 5.6 which shows female log healthcare expenditures (conditional on being positive)
across ages and for different years. The graph reveals a clear and stable age pattern across the
years. The GP captures this pattern by assuming that expenditures are more similar for, say,
20, 21, and 22 year olds, than for 20 and 50 year olds. We assume that the covariance decreases
with the square of the age difference.24
24 In

particular, the covariance between, say, µx,a , µx,a 0 for two different ages a, a 0 is – up to a constant – given by
(Rasmussen and Williams, 2005).

0 2
e−0.5(a−a )

5.4 econometric specification

To capture annual changes in basic insurance coverage we allow for year fixed effects in
µx and µy . We model these changes as year fixed effects because they can be very different
from one year to the next and do not follow a coherent pattern.
For ψx and ψy we assume that the probability of being offered a treatment varies with
age, but not by year.25 That is, we assume that the probability of being offered a treatment is
driven by the probability of falling ill. It does not vary over time. However the type and price
of the particular treatment that you are offered can vary from year to year as the coverage
changes. Furthermore, the probability that you accept a y treatment, varies across years with
the deductible.
The standard deviation of expenditure z does not show a clear pattern across age.26 Hence,
we model the standard deviations σx , σy as age fixed effects, not as a GP.
As mentioned in Section 5.3.1, cost-sharing in the Netherlands kicks in when a person
turns 18. In our data, age is given in full years, and therefore we cannot distinguish a person
who turns 18 in January from a person who turns 18 in December of the same year. Both are
denoted as 18 in our data. However, the former will face cost-sharing the entire year, whereas
the latter will not face any cost-sharing at all. We include a parameter α ∈ [0, 1] (which varies
with gender) which weighs the effect of cost-sharing for these 18 year olds. We see α as the
probability that a person faces a deductible when deciding on the y treatment. If birthdays
are uniformly distributed over a year, we expect α to be around 0.5.
Finally, the parameters of the function F (see Equation (5.7)), ζ and ν feature age fixed
effects. That is, the distribution of the accepted treatment values is allowed to vary by age and
gender and thus the price responsiveness can also vary by age and gender.

5.4.2 Identification
To identify the parameters described above, we use data on healthcare expenditures at the
individual level for years 2008 to 2013 (see Section 5.3.2). These data provide three main
sources of variation for identification.
The first source of exogenous variation is the change in the size of the deductible over time.
As presented in Table 5.2, the mandatory deductible was 150 euros in 2008, and it increased
annually up to 350 euros in 2013. This change affects the EOOP and thus the probability that
25

There is one exception to this: ψx for women older than 21 years changed substantially in 2011. Before 2011,
contraceptives were covered for all women aged 18 and over. However, since 2011 contraceptives are no longer
covered by the basic insurance package for women older than 21 years. As a result, all (expenditures on) contraceptives for this group dropped out of our data. To be clear, this is not a substitution effect, but these purchases
are no longer recorded in our data. We create a dummy which equals 1 for women above 21 years old from 2011
onward (and 0 otherwise). We allow the coefficient of this dummy to decay with age as older women are less
likely to use contraceptives.
26 As illustrated in Figure 5.12, the standard deviation for men randomly fluctuates around approximately 2.7.
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Figure 5.7: Posterior distributions of ψx for 25 and 80 year old men

y treatments are accepted. Thereby, the change in the deductible size affects the probability of
having positive expenditures and the distribution of expenditures z.
The second source of exogenous variation for identification is the age threshold for costsharing: only individuals aged 18 and over face cost-sharing, whereas persons below 18 years
old do not face any cost-sharing. An advantage of this age threshold is that it provides more
variation in the deductible size, namely a deductible of zero.
Lastly, there is (crosssectional) variation in the healthcare distributions among different
gender-age categories even when they face the same (mandatory) deductible per year. For
example, the healthcare expenditure distribution of an 80 year old man differs greatly from
the healthcare expenditure distribution of a 25 year old man. The former has higher expected
expenditures than the latter (see Figure 5.1) and we expect him to have higher x expenditures
as well. This is indeed the case as illustrated in Figure 5.7: the (posterior) probability that ψx
for 25 year olds exceeds ψx for 80 year olds is basically zero. This makes x treatments for 80
year olds more likely and hence EOOP lower.
These three sources of variation allow us to identify the parameters of the model within
the specification given above in the following way. One part of the distribution of (log) healthcare expenditures (z) per gender-age category varies with EOOP over time and another part
does not. The former is identified as the y distribution, the latter as x. How strongly the
distribution of total healthcare expenditure z reacts to changes in EOOP over time determines
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the parameters ν, ζ of the function F in Equation (5.7). In addition to F, the parameters ψx , ψy
determine the weights on the distributions for x and y; these two parameters are modeled
as Gaussian processes across age. The probabilities of positive x and y expenditures are determined by ψx , ψy , and F. The levels of these positive expenditures are determined by the
distributions of x and y.
The distributions of x and y are characterized by µ and σ parameters, where µ is also
modeled as a Gaussian process across age. In addition, the µ parameters feature year fixed
effects which can be identified, or separated from changes in the deductible, by (i) observations
of people below 18 years old which do not face changes in the deductible over time and (ii) the
crosssectional variation in EOOP across gender-age categories. In this way, we separate the
effect of the deductible from other annual changes that affect healthcare expenditures, such
as changes in coverage of the basic benefit package.27 In a similar way, we identify the σ
parameters with age and year fixed effects.
As shown below, there is a reasonable fit with the (out of sample) validation data. This
suggests that overfitting does not take place.

5.4.3 Prior distributions
Bayesian estimation methods start with prior distributions for the parameters which are then
updated – when confronted with the data – into posterior distributions. Specifying priors is
not completely routine. The priors should not exclude plausible parameter values. On the
other hand, they should not put (much) weight on implausible outcomes either (McElreath,
2020). Since we have data on the whole Dutch population there are enough observations
to determine the posterior distributions in a fairly robust way, even in our train data. The
exact choice of priors can be found in Appendix 5.A.5. In the appendix we also argue that
there are some bounds on what healthcare expenditure per head can be. Then we simulate
expenditures directly from the priors to see whether the priors satisfy these bounds. We also
show that the main results are robust to different prior choices.

5.5

estimation

In this section we explain our estimation methodology and present a summary of estimated
parameters. Since the main goal of the paper is to simulate outcomes for a number of cost27 Remmerswaal,

Boone, Bijlsma and Douven (2019) and Remmerswaal, Boone and Douven (2019) exploit this variation for exactly this reason.
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sharing schemes, we present these outcomes together with the uncertainty that surrounds
them. Therefore, we put more emphasis on the posterior distributions than papers like Einav
et al. (2013) and Geweke et al. (2003). For each parameter we draw 10,000 samples from the
posterior. With these samples we calculate average effects and their uncertainty. This is in
contrast to maximum likelihood estimators where (only) the “most likely” parameters (mode
of the distribution) are used. Using the posterior, we also examine the fit of our predictions
with the validation data.

5.5.1 Estimation methodology
The model is estimated using Bayesian methods with PyMC3 in Python (Salvatier et al., 2016).
Since standard Bayesian Markov Chain Monte Carlo (MCMC) methods like Metropolis and
NUTS do not scale well with our large dataset, we use a variational inference approach (ADVI,
or automatic differentiation variational inference) with minibatches. ADVI is especially suitable for more complex models, such as our mixture model, which are estimated on large
datasets (Kucukelbir et al., 2017). Contrary to Metropolis and NUTS estimators, the ADVI
estimator approximates the posterior with well known distributions which speeds up estimation considerably. MCMC methods are usually very computationally intensive but can
provide (asymptotically) exact samples from the target density (Blei et al., 2017). Variational
inference can be less precise as it uses approximations, but much faster and able to deal with
large datasets. That also makes it easier to estimate and compare different specifications of
the model. Blei et al. (2017) state that especially for mixture models, the results of variational
inference may be better than MCMC even for small datasets. Blei et al. (2017) also discuss that
variational approaches tend to underestimate the variance of the posterior densities. Below
we compare both first and second moments of our target distributions.
Figure 5.8 shows the ELBO plot for estimating the model for women.28 The plot is skewed
and flat on the right hand size, which implies convergence of the ADVI algorithm.

5.5.2 Parameter estimates
Here we describe the posterior distributions of the directly relevant parameters for women
and men: µx,y and σx,y , ψx and ψy , α, ν, and ζ. Additional information is provided in
Appendix 5.A.6.
28 To

keep this paper short, we show in most cases graphs for one gender only. For the other gender, graphs are
presented in Appendix 5.A.6.
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Figure 5.8: ELBO model estimation for women

Table 5.4 gives a first summary with mean values and standard deviations of the posterior
distributions for the main parameters. Note that this is a broad brush description of the
posteriors because we have aggregated across samples, ages, and years. We find that µx
is on average approximately 5.0 for both men and women, while µy is lower, around 3.0.
The standard deviations of the posterior distributions for µx,y are between 0.15 and 0.21,
respectively for men and women. The standard deviation of x treatments is around 1.2 for
both sexes; for y it is approximately 0.4. The probability of being offered a y treatment is close
to 0.5 for both sexes. Women are more likely to be offered x treatments than men: 0.8 vs 0.7
on average.
Recall that α indicates the probability that an 18 year old faces a deductible. We find that
on average α equals 0.5 which is consistent with birthdays being approximately uniformly
distributed across the year. Its posterior distribution is single peaked around 0.5.
The value of ν is small but positive. Recall that ν is multiplied by the EOOP, which is
maximally 350 euros (the largest deductible size) in our data, to compute F, the probability
that a treatment is rejected (see Equation (5.7)). A small but positive ν is therefore in line with
our expectations. The average value for ζ suggests that women and men would accept 60% of
y treatments offered to them if they were free (EOOP = 0).
Although Table 5.4 gives an indication of the size of the parameters, the beauty of Bayesian
analysis is to work with the (posterior) distributions of parameters. For example, Figure 5.9
gives the distribution of ν for women. The expectation of this distribution is around 0.001.
When determining the fit of the estimations and the effects of various simulated cost-sharing
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Table 5.4: Summary of posterior distributions
Variable
µx
µy
σx
σy
ψy
ψx
α
ν
ζ

Women
Mean Std. dev.

Mean

4.830
2.625
1.111
0.411
0.537
0.785
0.502
0.001
0.653

4.827
2.813
1.240
0.425
0.474
0.675
0.509
0.001
0.591

0.210
0.186
0.133
0.099
0.070
0.072
0.157
0.001
0.132

Men
Std. dev.
0.143
0.211
0.157
0.104
0.151
0.097
0.157
0.001
0.146

schemes below, we draw values for ν from this distribution.29 The left figure shows that
20 year old women tend to be more elastic (higher ν) with respect to the EOOP than 70
year old women. As the figure on the right shows, this translates into a higher probability
that a treatment is rejected by 20 year old females than 70 year olds. Put differently, 70
year old women tend to be offered more valuable y treatments. The effect that 70 and 20
year old women face different cost distributions is captured by EOOP and does not affect the
parameters ν and ζ of the utility distribution F. Furthermore, to give an idea of the uncertainty
surrounding F for both age categories we also plot the 75th percentile of F. To illustrate the
interpretation of this 75th percentile, consider an EOOP = 500. On average, 20 year old
women will reject a treatment with EOOP = 500 with a probability of 0.6. We are 75% sure
that the rejection probability is less than 0.65, as is illustrated with the (dashed blue line at
this EOOP.

Figure 5.9: Posterior distributions of ν and F for women

29 We

do not present plots of each posterior distribution here, as that is – literally – beyond the scope of this paper.
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Figure 5.10: Predicted and realized probabilities of positive expenditures for men across age in 2008

As a final illustration of our estimates, and a first step towards evaluating fit, consider
Figure 5.10. This figure plots the probability of positive expenditures, 1 − (1 − ψx )(1 − ψy +
ψy F) (see Table 5.1), for men across ages in 2008. Recall that the parameters ψx and ψy are
modeled as GPs. That is, we do not draw values from a distribution for each age, but chains
of values across all ages from the GP. The figure illustrates this by showing these draws for
ψy and ψx as thin red lines. Darker colors red, indicate more draws at these values. On top of
these draws, the realized fraction of positive expenditures are plotted for each category (agemale combinations) in 2008. Our predicted probability of positive expenditures is fairly close
to the realized fractions of positive expenditures for each age category. But we overestimate
this probability for men around 80 years old.

5.5.3 Model fit
To examine the fit of the model, we first predict healthcare expenditures. For each parameter in
the model we draw 10,000 samples from the underlying posterior distribution. For example,
we have 10,000 µx ’s for a given year, gender, and age.30 Next we generate a value with
each sample. To illustrate, for x this implies generating a draw from the normal distribution
with parameters µx and σx of that particular posterior sample. These 10,000 outcomes of x
incorporate two forms of uncertainty: (i) for given µx , σx , we draw an x from this normal
distribution, (ii) we have 10,000 values for µx , σx since we are uncertain about the parameters
30 In

total, there are 10,000 x 6 years x 2 genders x 92 ages samples of µx (and similarly for each parameter of the
model).
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of the x distribution. With ψx and ψy we draw a value of 0 or 1 from the Bernoulli distribution,
where 1 indicates an offer is made (0 no offer is made).

Figure 5.11: Average predicted vs average validation male log healthcare expenditures for 2008 to 2013

Figure 5.12: Standard deviation predicted vs validation male log healthcare expenditures for 2008 to
2013

5.5 estimation

Figure 5.13: KL divergence expenditure distribution males for 2008 to 2013

With the samples of µx,y and σx,y we generate a value of EOOP (Equation (5.4)), which
then combines with the ζ’s and ν’s to get values for F (Equation (5.7)). With these values for
F we generate a value of 0 (y treatment is accepted) or 1 (treatment rejected) with a Bernoulli
distribution.
In this way, we have 10,000 predicted healthcare expenditures for men and women, 92 age
categories and 6 years.
Figure 5.11 shows a comparison of the predicted and observed mean healthcare expenditures for men in 2008 up to 2013. The solid line denotes average log healthcare expenditures
per age category which are predicted with the model and the dots denote the mean log healthcare expenditures of the validation data.31 The fit is quite good. Even the second moments, as
shown in Figure 5.12, show a reasonable match.
Figure 5.13 uses the Kullback-Leibler (KL) divergence to measure the fit of the predicted
distribution per age-year category for men with the distribution in the validation data. A
zero KL divergence implies a perfect fit. The divergence of our model (the blue dots) are
close to zero, and the fit seems good. However as it can be hard to properly interpret the
value of KL divergence, we compare the divergence of the model predictions with a simple
(simplistic) benchmark. For our approach it is important to get the distribution per genderage-year category right as this distribution is used to calculate EOOP for the category. The
green line in the figure gives the divergence between the distribution of the validation data
31 To

be clear, we first take the log of individual healthcare expenditures and then the mean of log expenditures per
gender-age-year category.
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by year, averaged over ages, and the (true) average distribution across ages for each year for
males in the train data.
The latter distribution perfectly captures the data but not the differentiation across ages.
For each age category, our model prediction performs either better than the green line (lower
KL-divergence) and has a closer match to the validation distribution or the divergence is close
to zero.
A final illustration of the fit on the distribution is to plot a histogram and a QQ plot of
the validation and predicted data. The left panel in Figure 5.14 compares the distribution of
healthcare expenditure for 50 year old women in 2011, conditional on the expenditures being
below 3,000 euros.32 The distributions of the predicted data and the validation data are close.
The right panel in the figure shows that we slightly underestimate healthcare expenditures for
expenditures below 1,500 euros of 50 year old women in 2011 and overestimate expenditures
above 1,500 euros.

Figure 5.14: Predicted vs validation female log healthcare expenditures for 2011

5.6

simulations and policy analyses

The purpose of the structural model is to simulate healthcare expenditures for different
demand-side cost-sharing schemes in order to compare the effects of these schemes on health32 The

upper bound on expenditure is needed to keep the figure readable. To illustrate, the maximum expenditures
for this group in 2011 is almost 100,000 euros, and more than 95% of the observations are below 3,000.

5.6 simulations and policy analyses

care expenditure and out-of-pocket payments. In this section, we use the model to compare
three cost-sharing schemes: a deductible, a co-insurance scheme, and a shifted deductible. We
do the simulations for the most recent year in our data: 2013. To simulate healthcare expenditures under a different cost-sharing scheme than a deductible of 350 euros, which was in place
in 2013, we use the estimated posterior distributions of x and y for each gender-age category
in 2013, and compute EOOP given this new cost-sharing scheme. Next, using the exponential
function in Equation (5.7) and the estimated posterior distributions of the parameters ν and ζ,
we determine how the change in EOOP affects the probability that a treatment is rejected (F).
Lastly, we compute the healthcare expenditures under the new cost-sharing scheme.33
We simulate and compare seven maximum out-of-pocket payment levels: 0, 100, 200, 300,
400, 500, and 600 euros, four co-insurance rates: 0.25, 0.5, 0.75, and 1.0, in combination with
seven starting points: 0, 100, 200, 300, 400, 500, and 600 euros.34 Figure 5.2 shows the results of
the simulations for some of the cost-sharing schemes normalized on healthcare expenditures
with a 300 euro deductible. Healthcare expenditure per head decreases as the deductible level
increases from 0 to 600. These results translate into a deductible elasticity of -0.09, which is
the same as Remmerswaal, Boone and Douven (2019).35
Higher levels of D lead to lower healthcare expenditure per head but also higher out-ofpocket payments for people with high expenditure. The right panel in Figure 5.2 illustrates
that people have on average about 20% higher out-of-pocket payments with D = 400 compared
to D = 300. This percentage can be higher or lower, depending on an individual’s healthcare
expenditures.
Figure 5.15 shows how healthcare expenditures vary for four different co-insurance rates
and seven different starting points, or shifts. All schemes in the figure have the same outof-pocket risk of 300 euros and we again normalize healthcare expenditure on the average
healthcare expenditure with a 300 euro deductible, which is illustrated as point (0,100) on the
purple line in the figure. With a maximum out-of-pocket payment of 300 euros, healthcare
expenditures are lowest with a shifted deductible which starts at 400 euros and has a 100%
co-insurance rate. Among the schemes which start at zero, that is, which are not shifted, a
25% co-insurance rate leads to the biggest reduction of healthcare expenditure.
33 See

also Appendix 5.A.4 for the full model with the specification of total (log) expenditure z in its underlying
components. A change of cost-sharing scheme leads to a change in EOOP, which leads to a change of F.
34 In total these are 7 * 4 * 7 = 196 different cost-sharing schemes.
35 We calculate the deductible elasticity here as follows:
ε

=
=
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=

0.90 − 1.08
= −0.09.
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Figure 5.15: Healthcare expenditure per head for D = 300 and different levels for the shift and coinsurance rate relative to expenditures with a deductible equal to 300

Figure 5.15 allows us to illustrate a number of mechanisms in the model. First, with a
relatively low deductible of 300 euros, as we have in the Netherlands, quite a few individuals
are not at the margin. Therefore, without a shift, it is optimal to have a low co-insurance rate
of 25%. This blunts the effect of the deductible as you only pay 25 cents out-of-pocket for
every euro healthcare costs you make, but lengthens the range over which individuals face
cost-sharing from [0, 300] to [0, 1, 200] euros. A 25% co-insurance rate with a maximum out-ofpocket payment of 300 euros reduces healthcare expenditure per head by 2.5% compared to
D = 300, a 300 euro deductible. Moreover, as shown in the right panel of Figure 5.2, it also
reduces the out-of-pocket payment on average by at least 30%.
When we introduce a shift in the cost-sharing scheme and move to the right side in Figure
5.15, we see that the optimal co-insurance rate increases. With a shift of 100 euros, a scheme
with a co-insurance rate of 0.25 and 0.5 lead to similar expenditures per head. For larger shifts,
between 250 and 300 euros, a co-insurance rate of 0.75 is optimal, and beyond 300 euros it is
optimal to have a rate equal to 1. In other words, shifting the starting point puts more people
at the margin. Reducing the co-insurance rate below 100% to lengthen the expenditure range
over which there is cost-sharing, is then no longer optimal.
Apparently, in the Netherlands in 2013, D = 300 together with a shift of 400 euros captures
enough people on their margin that reducing the co-insurance rate is no longer useful. Not
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only does this minimize healthcare expenditure per head for D = 300, it also minimizes the
out-of-pocket payment for everyone as Figure 5.2 shows.
Although shifting the deductible by 400 euros lowers both healthcare expenditure per
head and out-of-pocket payments compared to a standard deductible, we cannot conclude
that this is a Pareto improvement. A reduction in healthcare expenditures – for given (or
lower) out-of-pocket payments – is welfare enhancing in the aggregate. To see why this is
the case, note that the costs of a y treatment offered are always (weakly) higher than the
out-of-pocket associated with this y treatment. Hence, if an individual decides to forego
treatment, then it is socially optimal to forego the treatment. This is due to our assumption of
rational decision making. But not everyone benefits from shifting the deductible by 400 euros.
Figure 5.16 shows how the effects of a 300 euro shifted deductible with a starting point at 400
euros, compared to a standard 300 euro deductible which starts at 0, vary across age.36 When
comparing an individual’s utility with and without the shift we take the following effects
into account: the utility minus out-of-pocket expenditures of treatments and we subtract the
insurance premium. The change in outcomes due to the introduction of the shift is caused by
the combination of three effects and these effects play out differently for different gender-age
categories.
First, the health insurance premium is approximately 20 euros higher when the deductible
is shifted by 400 euros, because the reduction of out-of-pocket expenses is bigger than the
reduction in healthcare expenditure. That means that even though overall healthcare expenditures in the Netherlands are lower, a larger share will be financed out of premiums when a
shifted deductible is introduced, instead of out-of-pocket payments. As a result, people who
do not use healthcare and have zero healthcare expenditures are worse off if the deductible
starts at 400 euros. Furthermore, people with healthcare expenditure above 700 euros, which
is the starting point plus the deductible, have the same out-of-pocket payment under the two
regimes and are therefore also worse off under the shifted deductible because of the higher
premium.
Second, people with healthcare expenditures in between these extreme cases will tend to
be better off with the shifted deductible. Expecially, when they only have low x expenditures,
which are slightly above the difference in premium, then they will be better of when the
starting point of a deductible is shifted.
Third, shifting the deductible can change the EOOP of the y treatment offered to a person,
and thereby, change her decision on whether to accept the y treatment or not. On average this
always raises an individual’s utility –ceteris paribus the premium– as can be seen as follows.
On the one hand, suppose a woman accepts the y treatment with the deductible starting at
36 We

only consider the persons aged 18 or over as under 18 year olds do not pay anything for their health insurance
in the Netherlands.
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Figure 5.16: Effects of shifting the deductible’s starting point to 400 euros across ages and for men and
women

zero, then she can also accept this y treatment when the deductible is shifted by 400 euros,
and her out-of-pocket expenditure is lower in the latter case. On the other hand, if she decides
to forego the treatment under the 400 euro shifted deductible, she is better off (in expectation)
doing so as – according to our model – she makes a rational decision. If her overall healthcare
expenditure is below the starting point of the deductible of 400 euros, she actually receives
her (x and y) treatments for free and she tends to be better off an average.
As shown in Figure 5.16, a majority of young women benefit from shifting the deductible
by 400 euros. This is the case because they have some, but not very high healthcare expenditures, which will become free when the starting point of the deductible is shifted. Many
young men have zero healthcare expenditures, and therefore they are worse off with a 400
euro shifted deductible due to the higher insurance premium. As average female healthcare
expenditure increases with age until approximately the age of 30, more of them are also worse
off with the shifted deductible due to the higher premium. The fraction of people that benefit
follows the pattern of positive and expected expenditure per age group. Above the age of 70,
the majority is worse off with the shifted deductible for both men and women: their out-ofpocket expenditures are the same with and without the shift but they pay a higher premium
with a shift.
Figure 5.17 illustrates how much people are better or worse off when the starting point of
the deductible is shifted by 400 euros. The figure shows the distribution of gains (and negative
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Figure 5.17: Distribution of gains from shifting the deductible’s starting point to 400 euros for two
age-gender categories

gains, which are losses) for 20 year old females and 75 year old males. There is a spike around
minus 20 euros. These are people who do not use (a lot of) healthcare and have low healthcare
expenditures. Therefore, by shifting the deductible, they face a higher premium, and they are
worse off. A small share loses more than 20 euros. This happens for a person who has rejected
the y treatment when the deductible is not shifted, but who accepts the treatment once the
deductible is shifted. The expected price of treatment y, EOOP, must have been lower for a
shifted deductible. However, as EOOP is an expectation over distributions, it is possible that
the actual draw from the distributions is much higher than the expectation (and the value of
y). This does not happen on average, but it can happen for individual cases. A large share
also gains, up to 300 euros, from shifting the deductible. This is especially the case for the 20
year old females, for whom most of the mass lies to the right of 0. However, this is not the
case for the 75 year old males (also, see Figure 5.16). Most of the gains are the result of the
fall in out-of-pocket expenditure due to the shift in the deductible.
The result is that a 400 euro shifted deductible reduces expenditure per head and outof-pocket payments can be different for other countries with different expenditure distributions, for example due to a different age profile of the population. The best known study
on the effects of cost-sharing on healthcare expenditures is Newhouse and the Insurance
Experiment Group (1993). They do not analyze a shifted deductible, but they do consider
co-insurance schemes, including a rate of 25%. Whereas we find that co-insurance is more
effective in reducing healthcare expenditure compared to a 100% rate, their simulation model
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shows the opposite.37 There can be a number of reasons for this. For example the US in the
70s had a completely different institutional setting compared to the Netherlands in 2013. But
the general principle that a shift in the starting point of the deductible increases the optimal
co-insurance rate will hold for all countries. In this sense, the shift and the co-insurance rate
can be thought of as complementary policy instruments.
Until now, we have explored shifted deductibles with a uniform starting point for everyone. Because we have the distribution of expenditures for each gender-age category, we can
characterize the optimal shift and co-insurance rate for each gender-age category. To illustrate
this, Figure 5.18 considers people above the age of 40. As illustrated in Figure 5.1, average
healthcare expenditure increase monotonically from this age onward. Hence, to keep many
people at the margin, we expect that the optimal shift will increase with age. Doing this for
each age separately, for example, for 40 year olds, 41 year olds, and so on, will lead to a noisy
picture with an upward trend.38 However, this is not a serious policy option as it could mean,
for example, that the shift is 300 euros when you are 40 years old, it becomes 350 euros for age
41, and then falls again to 320 euros at age 42. Hence, we consider age-brackets of 10 years:
40 to 50 year olds, 50 year olds to 60 year olds, and so on. Figure 5.18 shows that the optimal
shift indeed increases with the age bracket; varying from 320 euros to 440 euros, and constant
at 380 euros for 50 to 70 year olds. Characterizing the fully optimal system (under some sanity
constraints) is beyond the scope of this paper, and we leave this for further research.
Finally, all simulations until now changed the price of healthcare through EOOP. Demand
for healthcare is however also affected by the quality of healthcare. Governments are investing
in the care sector, which leads to a direct (investment) cost but also to higher demand. Analogously, when a government reduces its healthcare budget, quality will fall and expenditures
are likely to decrease as well. Because our model is microfounded on patient utility, we can
simulate the effect of a, say, 10% increase in quality on healthcare expenditures.
We simulate the effect of a change in the (perceived) quality of care on healthcare spending
by changing parameter ν in the function of F (Equation (5.7)) in the model and assume that
cost-sharing does not change.39 An advantage of our specification of F is that expected quality
is simply given by:

Z +∞
E(x) =

xf(x)dx =
0

37 Although

ζ
ν

(5.8)

the differences between the effects of the different co-insurance rates are small, especially for small
maximum out-of-pocket amounts.
38 As shown in Figure 5.15, around the expenditure minimizing shift of 400 euros, the curve is rather flat. This
implies that small changes in parameters can lead to rather big increases or decreases in the optimal shift per age
category.
39 Alternatively, we can change the parameter ζ.
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Figure 5.18: Optimal shift for 10-year age categories

Hence, one way in which we can increase the quality of healthcare is to compare parameter
ν0 with ν1 =

ν0
1+g .

This means that E1 (x) = (1 + g)E0 (x): expected quality has increased with

growth rate g > 0. Figure 5.19 shows how healthcare expenditures change, when we increase
the quality of healthcare by 10%, 20%, or 30% (the darker the colour, the larger the increase in
quality). We increase the quality by lowering the estimated posterior distributions of ν, and
thereby lowering the probability that a treatment is rejected, given EOOP. The figure shows
that increasing the value of healthcare by 10%, 20%, and 30% under a 300 euro deductible, will
lead to an 0.7%, 1.3%, and 1.7% increase in expenditure respectively. A 10% increase in the
value of treatments does not directly translate in to a 10% increase in healthcare expenditures,
because of nonlinearities in the model. We also see that healthcare expenditure is the same
for no cost-sharing, regardless of the value increase (because a quality cut-off of zero is not
affected by the factor (1 + g)), but as the maximum out-of-pocket payment increases, the
differences become larger.

5.7

robustness analyses

In this section we present analyses to show that our main prediction, a shifted deductible
leads to a reduction of healthcare expenditures and out-of-pocket payments compared to a
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Figure 5.19: Healthcare expenditures after increasing the value of treatments by 10, 20, and 30%

deductible, is robust to our modeling choices. Here we focus on our sample selection criteria,
our functional form of F and EOOP.

5.7.1 Sample selection
The baseline sample used to estimate the model excluding individuals who chose a voluntary
deductible at least once in our data, chronically ill persons, chronic users of medication (labeled with DCG or PCG) and persons who used mental health services have been excluded
(see Section 5.3.2).
We argue that excluding these groups from the baseline sample makes sense given the
purpose of this paper. The aim of this paper is to model how healthcare expenditure changes
under different cost-sharing schemes. As these individuals are rather price inelastic, adding
them is like adding ‘dead weight’ to the results which blunts the differences between the
different cost-sharing schemes. We illustrate this point below for people labeled with a PCG
and/or a DCG.
Figure 5.20 shows the distributions of log expenditures conditional on being positive for
our baseline sample and the labels PCG and DCG. Clearly the costs for persons labeled with
a PCG and DCG are substantially higher than for our baseline sample. Moreover, although
zero expenditure happens for a lot of people in our baseline, it happens for less than 1% for
the PCG and DCG groups. Hence, estimating one model for both the baseline sample as
well as persons labeled with a PCG and/or DCG does not make much sense. Combining the
groups would imply combining their distributions of expected healthcare expenditures, but
it seemsly unlikely that people in the baseline sample would expect healthcare expenditures
as if they were chronically ill, and vice versa. Estimating the model separately for persons
labeled with a PCG and persons labeled with a DCG is more appropriate, because the groups
would be more homogeneous. This is possible to do for the PCG group, but for persons
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Figure 5.20: Distributions of log expenditures for the baseline sample, persons with FCG, and DCG

labeled with a DCG the number of observations per age-gender category is rather small (it
can be close to zero for some gender-age-year combinations). However, as we will show below,
expected healthcare expenditure of persons labeled with a PCG is so high, that changes in the
maximum out-of-pocket over our range has basically no effect. This will then also be the case
for the DCG group which has even higher expenditures.
First, we estimate our model for the PCG group separately. Then, to see the effect on the
overall results, we mix the PCG outcomes (distributions of expenditures) with our baseline
outcomes using as weights the share of each in the population. Figure 5.21 shows these (mixed
in) results in comparison to our baseline outcomes. For both outcomes, PCG mixed in and the
baseline sample, the figure plots percentage change in healthcare expenditure per head for
each of the cost-sharing schemes compared to a standard 300 euro deductible (illustrated by
a dashed, horizontal line). For each cost-sharing scheme we see that the results with persons

Figure 5.21: Comparison of the results with the baseline sample and the sample with individuals with
a PCG mixed in
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Figure 5.22: Results when persons with a PCG are added

with PCGs mixed in are closer to the horizontal line (D = 300); that is, changing the maximum
out-of-pocket has a smaller effect on expenditures per head. This happens because we mix in
a group which is basically inelastic with respect to changes in cost-sharing.
Figure 5.22 shows the results of estimating the model and simulating separately for persons with a PCG and after mixing the results with the baseline sample. Even though the effects
are smaller, we do see that the main results of our analysis hold: the shifted deductible leads
to the biggest reduction, compared to a co-insurance scheme and a traditional deductible.
Whereas Figure 5.18 shows that the optimal shift increases as people have higher expected
healthcare expenditures, this is not the case for the PCG group. Although their expenditures

Figure 5.23: Comparison of the results with the baseline F-specification and the normal F-specification
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Figure 5.24: Results for a different specification of F

are higher, they are also less elastic. But this result can be due to the deductible in our data
being rather small compared to the PCG expenditure distribution.

5.7.2 Specification of F
The probability that a treatment is rejected, F, is modeled with an exponential distribution
(see Equation (5.7) in Section 5.2). To assess the impact of this specification on the results, we
re-estimate the model with a normal distribution for F where ζ denotes the location (mean)
and ν the precision (one over the standard deviation).
The results are presented in Figure 5.23. With a normal distribution for F the results
(darker colors) are similar to the results of the baseline model (lighter colors).40 With a normal
distribution expenditure tends to increase less steeply with a decrease in maximum out-ofpocket payment and tends to decrease faster as maximum out-of-pocket payment increases.
The reason is that an exponential distribution has highest density at 0 which then falls as
EOOP increases. In this case, eliminating out-of-pocket payments increases expenditure a lot.
This effect is smaller for a normal distribution. As EOOP increases, the density only decreases
for an exponential distribution but can increase for a normal distribution. Hence, effects
40 The

average deductible elasticity equals -0.09.
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of an increase in EOOP with a normal distribution exceed the effects with an exponential
distribution.
Also, Figure 5.24 confirms that the main findings of this paper hold if we change the
specification of F. To illustrate, at D = 300, a 400 euro shift in the starting point of the
deductible reduces expenditures more than a 25% co-insurance.

5.7.3 Specification of EOOP
In our model, we assume that individuals are fully rational and determine the expected outof-pocket cost (EOOP) of a treatment using the correct underlying distributions for x and y
(see Lemma 1 in Section 5.2.3). To check whether this is a reasonable assumption, we allow
individuals to underestimate the variance of these distributions. We introduce two parameters
qx,y – which vary by age and gender – in the model which are multiplied by the variance σx,y
in the expression for EOOP only. The prior distributions for these parameters are uniform on
[0, 2]. Hence, the prior expectation is that people are rational, but we allow for qx = qy = 0:
people decide on the basis of expected values only and ignore variance. We find that the
posterior distributions for these parameters have a mean of 1 and are single peaked around
1.0. Introducing these parameters does not change the results (see Figure 5.25).

Figure 5.25: Comparison of the results with the baseline specification and the flexible specification of
the variance in EOOP

5.8 policy implications and discussion

5.8

policy implications and discussion

In this paper, we show that a shifted deductible is an effective way to reduce healthcare expenditures without increasing out-of-pocket risk. Compared to a standard deductible, shifting
the starting point alleviates the trade-off between efficiency and equity in the Netherlands.
Shifting the deductible by 400 euros leads to an average 4% reduction in healthcare expenditure and 47% lower out-of-pocket payments for insured individuals who do not have a
chronic condition. Taking into account the observation by Newhouse and the Insurance Experiment Group (1993) that “the sickly are in fact more responsive to price than the healthy”,
this 4% reduction in expenditure may well be an underestimate of what can be achieved with
shifted deductibles. For the Netherlands in 2013, this shifted deductible is more effective than
a co-insurance rate of 25%.
To assess the effects of these multiple cost-sharing schemes, we use a structural model for
demand-side cost-sharing focused on distributions of healthcare expenditures for different
gender-age categories. As we estimate these distributions, we determine for each scheme the
probability that individuals in a category are at the margin for a particular scheme. The more
individuals in the category are likely to be at the margin, the more effective a scheme is to
curb healthcare expenditure. We show that the effectiveness of a shifted deductible is robust
to various specifications and sample selections.
The structural model has many possibilities for extensions and additional analyses, which
are not included in the paper. To illustrate, we left the derivation of the optimal demand-side
cost-sharing scheme for future research. This could for example be a two-tier system with
100% co-insurance over the expenditure range between 0 and 300 euros and then a 50% coinsurance rate between 300 and 600 euros. The categories which determine an individual’s
(expected) distribution of healthcare expenditure are in this paper simply based on gender and
age. However, they can be made more homogeneous by, for example, using an individual’s
expenditure in the previous year. A category can then be: a 25 year old male with less than
1,000 euro expenditure in the previous year. Another extension is to incorporate the voluntary
deductible and its selection effects into the model. For this we need to estimate risk aversion
in the model to determine an individual’s decision whether to accept higher out-of-pocket
risk in return for a lower premium. As we focused on mandatory insurance and deductible
here, we did not need to model risk aversion yet.
The model also has some limitations and a number of these originate from the data. For
example, the data comprise total healthcare expenditures per person per year, but not the
exact underlying treatments, visits, scans and check-ups. As a result, we cannot simulate
the effects of cost-sharing schemes such as co-payments, in which people pay for example
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50 euros per visit to the hospital. Further, when simulating high levels of cost-sharing with
the model, the results should be interpreted with caution. This is due to the fact that the
model has been estimated on an increase in the deductible size from 150 euros to 350 euros.
As we have mentioned, the model is not estimated on the entire Dutch population, but part
of it. We argue that the baseline sample is the most relevant one, given the purpose of the
model, because this group is elastic with respect to the cost-sharing observed in the data. Yet,
this selection does reduce the applicability of the model to the entire Dutch population. Also,
the Dutch healthcare system differs from healthcare systems in other countries. Thus our
conclusions do not necessarily generalize to other countries. However, our framework can be
used in any setting where data on individual healthcare expenditure is available.
Finally, our policy implication that a 400 euro shift in the starting point of the deductible
reduces expenditure is based on the rational approach in the model: maximizing the likelihood of people being at the margin. We do want to mention three caveats here. First, there is
evidence that people do not fully understand health insurance contracts (Handel and Kolstad,
2015). Arguably, a shifted deductible is harder to understand for people than a standard deductible contract. Some may not react to a shift as our rational model assumes. To illustrate,
from a behavioral point of view, people may interpret the shift as a focal point: I am expected
to spend 400 euros (for free) every year. If this were the case, the effect on expenditures would
be less favorable. As we do not have a shift in our data, more research is needed to test for this
possibility. Second, to calculate the expected out-of-pocket price, people need to know their
expenditure distribution. This is not a simple concept to fully understand. But we do believe
that over time people do get a sense of their healthcare expenditure and the probability of exhausting their deductible. If they for example exhaust their deductible multiple, consecutive
years, this will result in a low perceived out-of-pocket price, which is correct.
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5.a.1

Proof of results

Proof of Corollary 1 This follows from writing
Z ∆+D/δ
Z∆
Z ∆+D/δ
OOP = δ
fχ (x)dx − δ
fχ (x)dx − δ∆
fχ (x)dx
0
0
∆



ln(∆ + D/δ) − µ
D
+ 1−N
σ
Q.E.D.

5.a.2

Data cleaning procedure

To clean the data, observations are omitted if:
• the (pseudonymized) social security number is missing
• the postal code is not valid
• the health insurance registration period is missing or (impossibly) more than one year
• healthcare expenditures are negative
• the age sequence over time is erroneous
In total, 2,834,720 observations are excluded from the data which is equivalent to about 2%
of the total number of observations.

215

216

a structural microsimulation model for demand-side cost-sharing

5.a.3

List of healthcare expenditure categories

Table 5.5 is duplicated from Remmerswaal, Boone, Bijlsma and Douven (2019). Cost categories
marked with X in the second column apply to the deductible. The other cost categories are
exempted from the deductible. Zit in the third column refers to the dependent variable in
our baseline specification. The cost categories marked with an ‘X’ in the third column are
included in Zit .
Table 5.5: Cost types, whether they are under the deductible and whether we include them in Zit .
Type of costs
General practitioner registration
General practitioner visits
Other costs of general practitioner care
Pharmaceutical care
Dental care
Obstetrical care
Hospital care
Physiotherapy
Paramedical care
Medical aids
Transportation for persons lying down
Transportation for seated persons
Maternity care
Care that is delivered over the Dutch borders
Primary healthcare support
Primary mental healthcare support
Mental healthcare with (overnight) stay
Mental healthcare without (overnight) stay:
- at institutions
- by self-employed providers
Other mental healthcare costs
Geriatric revalidation
Other costs

Apply to the deductible

Included in Zit

X
X

X

X
X
X
X
X
X

X
X
X
X
X
X

X

X

X
X
X
X
X
X

X
X
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5.a.4

The full model

Here we specify the structure of the model; the priors are given in the next section. To
model total (log) expenditure we use a mixture model with 4 distributions (first list) and
corresponding probabilities (second list).

z ∼ Mixture([0, f, g, f + g], [(1 − ψx )(1 − ψy + ψy F), ψx (1 − ψy + ψy F), (1 − ψx )ψy (1 − F),
ψx ψy (1 − F))])
We mix over four distributions, the first of which has all mass on zero, the other three distributions are defined as:
f ∼ Normal(µx , σx )
g ∼ Normal(µy , σy )
f + g ∼ Normal(µx + µy ,

q
σ2x + σ2y )

The probabilities ψx , ψy that treatments are offered are each modeled as a Gaussian Process
(GP) with age. For each of the GPs that we use, the covariance between two age categories
x, x 0 (of the same gender) is given by
K(x, x 0 ) = η2 (e

−

(x−x 0 )2
2`2

)

Hence, we specify the corresponding GP as GP(η, `).
ψx =
gppsix

∼

1
(−gppsix −If21 ∗package∗decay)

1+e
GP(ηpsix , `psix )

where the indicator variable If21 = 1 for women aged 21 and over in the years 2011 and after;
and 0 otherwise. Recall that in 2011 contraceptives were removed from the basic package for
women aged 21 and over. For ψy we do not have this correction for women.
ψy =
gppsiy

∼

1
−gppsiy

1+e
GP(ηpsiy , `psiy )
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Consequently, ψy varies with age and gender, ψx varies with gender, age and years (but the
latter only for women). To calculate EOOP, we use Equation (5.3) where the deductible D is
now a parameter as well:
EOOP = (I18+ + αI18 )(ψx (OOP(D, µx + µy ,

q
σ2x + σ2y ) − OOP(D, µx , σx )) + (1 − ψx )

(OOP(D, µx , σx )))
where I18+ = 1 for age equal to 19 and higher and 0 otherwise, I18 = 1 for age 18 and zero
otherwise and D varies over the years. Then we write the probability that a y treatment is
rejected as41
F = F(EOOP, ζ, ν)
where ζ, ν vary with age fixed effects and gender. The parameters of the distribution of x
expenditure can be written as:
µx = fx + year fixed effect x
fx

∼

GP(ηx , `x )

σx = σxage + σxyear
where year fixed effect x and σxyear denote year fixed effects and σxage age fixed effects. We
have an identical structure for µy , σy .

5.a.5

Priors

In this section we first present the priors that we use in the main analysis and motivate the
choices that we made. Then we show that our main results are robust to different choices of
the priors.
As we have no a priori information about whether x or y expenditures tend to be higher
and/or more prevalent, we use the same set-up for the priors of µx , µy , and ψx , ψy respectively. For each of these variables, the age effects are modeled as a Gaussian Process (GP).
That is, the function of each of these variables w.r.t. age is drawn from a multivariate normal
distribution with co-variance matrix K, where the element ij is given by:
Kij = η2 (e
41 Note

−

(i−j)2
2`2

)

(5.9)

that this is potentially confusing in terms of notation. We use f to denote the distribution of x and F as the
cumulative distribution function of the value of y treatments. We could use another letter to denote the latter, but
readers would not immediately associate e.g. L with a cumulative distribution function.
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where η captures the variance and ` the smoothness of the GP. In words, in the prior the
draws for ages i and j are correlated, but the correlation is lower as i and j are further apart.
Intuitively, expenditure at age 20 is more closely correlated with expenditure at 21 than at 49.
The priors for η and ` are HalfNormal which implies that these values are positive. Figure 5.6
illustrates why we expect such a relatively smooth function between expenditures and age.
For the standard deviation of expenditures, this relation turns out to be less smooth. Hence,
we model it as age fixed effects without correlation between ages. Also ν, ζ in Equation
(5.7) are modeled as age fixed effects. We expect ν to be small as it ”translates” EOOP into
a probability of rejection. The prior is assumed to be HalfNormal with sd = 0.003. The
probability that a free treatment is accepted ζ is a priori assumed to be uniformly distributed
between 0 and 1.
Year effects capture, for instance, policy changes and the introduction of new treatments
which are more expensive than the previous ones (or cheaper, e.g. due to the introduction
of generic drugs). We do not expect average expenditures to be correlated across calendar
years and hence we model this as year fixed effects drawn from a normal distribution with
µ = 4.5, sd = 0.7.
The values for x and y are drawn from a Normal distribution with expectation equal
to the sum of the age Gaussian process and the year fixed effects and standard deviation
equal to the sum of age and year fixed effects. The priors for the age and year fixed effects
standard deviations are HalfNormal with sd equal to sdx , sdy . These sdx , sdy are drawn
from a HalfNormal distribution with parameter sd = 0.15; that is, we assume a hierarchical
structure here.
In 2011 there was a shock in the basic package for women above 21. We model the impact
of the shock package f 21 2011 as being drawn from an Exponential distribution with parameter 2.0. As the shock concerns contraceptives, we expect the effect to wear off across age. This
is captured by the variable package decay which has age fixed effects drawn from a Uniform
distribution on [−1.0, 1.0]. These effects feed into ψx as: k(mu psi-(package f 21 2011*
package decay)*dummy f 2190), where k(x) = ex /(1 + ex ) denotes the inverse logit function,
mu psi the Gaussian Process of ψx w.r.t. age, package decay depends on age and dummy f 2190
equals 1 for women, year 2011 and later and age 21 and higher.
Finally, the prior for the probability α that an 18 year old has had her/his birthday is
modeled as Uniform on [0, 1]. Table 5.6 summarizes these priors.
As expenditures are distinguished into two components (x, y) which are not directly observable, it is not straightforward to gauge whether our priors are reasonable. One way to
judge whether our priors are reasonable is by generating expenditures directly from the priors
and compare these “prior” outcomes with metrics we know about healthcare expenditures,
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Table 5.6: Priors used in main analysis
Parameter
Gaussian Processes for age
x and y
`
η
ψx and ψy
`
η
Age fixed effects
sdx , sdy
σx , σy (hierarchical)
ν
ζ
Year fixed effects
x and y
year fixed effect
σx , σy (hierarchical)
Year-age-gender adjustment
package f 21 2011
package decay
Separate parameter
α

Distribution

Prior

HalfNormal
HalfNormal

sd = 2.0
sd = 0.2

HalfNormal
HalfNormal

sd = 2.0
sd = 0.2

HalfNormal
HalfNormal
HalfNormal
Uniform

sd = 0.15
sd = sdx,y
sd = 0.003
[0.0, 1.0]

Normal
HalfNormal

mu = 4.5, sd = 0.7
sd = sdx,y

Exponential
Uniform

2.0
[−1.0, 1.0]

Uniform

[0.0, 1.0]

without using our data. For example, we know that on average the nominal premium paid
in the Netherlands is roughly 1,000 euros. This is supposed to cover 50% of costs, the other
half comes from income dependent contributions collected by employers (see Section 5.3.1).
Hence, average total expenditures per head per year will be roughly 2,000 euros. This is
an upper-bound on the expenditures in our sample selection because: (i) we focus on expenditures under the deductible (only) while the 2,000 euros covers all expenditures, (ii) we
select relatively healthy individuals and exclude the chronically ill who tend to have higher
expenditures. Hence we expect average expenditures will be lower and about 1,500 euros per
person per year. To get an idea of the maximum healthcare costs in the data, suppose that
for our sample selection, the best treatment would provide the patient 10 additional years in
full health. If we value a QALY at 100,000 euros per year, this treatment can maximally cost
1,000,000 in a year. Lastly, to determine an expected standard deviation: within the sample of
a gender-age category of 10,000 individuals, we expect to have maximally 1 individual with
expenditure exceeding 500,000 euros. Using Chebyshev’s inequality, we then have a standard
deviation within a gender-age category of approximately 5,000 euros.42 As shown in Table
5.7, with the priors specified above we find from the model that has not yet fitted the data, average expenditures of around 1,200 euros, a standard deviation of 7,000 euros and maximum
expenditures of one million. These numbers are in the ballpark of the numbers mentioned
above.
42 Roughly

speaking, Prob((x − 2, 000) > 5, 000 ∗ 100) 6 1/1002 for x > 500, 000.

5.a appendix
Table 5.7: Sensitivity of outcomes w.r.t. priors
Priors changed
None
sdx,y = 0.2
Year fixed effects: sd = 1.0

Average
expenditure

Standard
deviation

Maximum
expenditure

1,256
1,482
1,932

7,108
9,639
14,452

1,158,945
53,785,019
4,515,761

At first sight, it may seem that the prior standard deviations are rather small and hence
the priors on the mean may seem tight. However, this is not the case. First, the prior standard
deviation, as shown in Table 5.7, is already 7,000 euros which is above our expectation of 5,000
euros. Hence, the overall standard deviation on expenditures per category turns out not to
be very tight. Second, if we increase the sdx,y components of the standard deviations from
0.15 to 0.20, the standard deviation per category increases to almost 10,000 euro. Moreover,
the maximum expenditure then exceeds 53 million euros which is far above what we would
expect. Third, if we alternatively would increase the prior standard deviation on the year
fixed effects from 0.7 to 1.0, the prior standard deviation per category becomes 14,500 and
the maximum expenditures become 4.5 million euros. Both are way beyond what one would
expect from the data.
Figures 5.26 and 5.27 show how the results of the simulations change when the priors of
sdx,y are increased to 0.2 and when the priors of the standard deviation of the year fixed
effects are increased to 1.0 respectively. The results are very similar to the results when using
our baseline priors which suggests that these results are robust to different choices of priors.

5.a.6

Additional figures

This section presents plots that are not in the main text. For men we also find a clear pattern
in log expenditures across age which is stable across calendar years 2008 to 2013 (see Figure
5.28). The ELBO plot, as shown in Figure 5.29, also suggests convergence for men. Plotting

Figure 5.26: Comparison of the results with the baseline priors and the priors changed to sdx,y = 0.2
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Figure 5.27: Comparison of the results with the baseline priors and the priors for year fixed effects
changed to sd = 1.0

the predicted probability of positive expenditures for women in 2008 against the validation
data suggests a fairly good fit (see Figure 5.30). Figures 5.31 and 5.32 show that the fit for
women is quite good, although for 2013 we under estimate expenditures for women above 60.
Lastly, Figure 5.33 shows that the KL-divergence is close to zero and for most ages lower for
our model than for the true distribution averaged across age in the train set.

Figure 5.28: Log healthcare expenditure for men conditional on being positive.

5.a appendix

Figure 5.29: ELBO model estimation for men

Figure 5.30: Predicted and realized probabilities of positive expenditures for women across age in
2008.
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Figure 5.31: Average predicted vs average validation female log healthcare expenditures for 2008 to
2013

Figure 5.32: Standard deviation predicted vs validation female log healthcare expenditures for 2008 to
2013
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Figure 5.33: KL Divergence expenditure distribution females for 2008 to 2013
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