
 

 
 

 

WP 19/12 

 

 

 

 

 

 
Does the framing of patient cost-sharing incentives 

matter? The effects of deductibles vs. no-claim refunds 
 

 Arthur P. Hayen; Tobias J. Klein and Martin Salm 
 

 

July 2019 

 

 

 

http://www.york.ac.uk/economics/postgrad/herc/hedg/wps/ 

HEDG 
HEALTH, ECONOMETRICS AND DATA GROUP 

 

 

 



Does the framing of patient cost-sharing incentives
matter? The effects of deductibles vs. no-claim refunds*

Arthur P. Hayen, Tobias J. Klein, and Martin Salm†

February 2019

Abstract

Understanding how health care utilization responds to cost-sharing incentives is of central
importance for providing high quality care and limiting the growth of costs. While there
is compelling evidence that patients react to financial incentives, it is less well understood
how and why specific aspects of the design of contracts shape the size of this reaction. In
this paper, we focus on the question whether the framing of cost-sharing incentives has an
effect on health care utilization. To study this we make use of a policy change that occurred
in the Netherlands. Until 2007, patients received a a no-claim refund if they consumed
little or no health care; from 2008 onward there was a deductible. This means that very
similar economic incentives were first framed in terms of smaller gains and later as losses.
We use claims-level data for a broad sample from the Dutch population to estimate whether
the reaction to economic incentives was affected by this. Our empirical approach is to
exploit within-year variation using an instrumental variables approach while controlling
for differences across years. Our central finding is that patients react to incentives much
more strongly when they are framed in terms of losses. Simulations based on our estimates
show that the effect on yearly spending is 8.6 percent. This suggests that discussions on
the optimal design of cost-sharing incentives should not only involve coinsurance rates and
cost-sharing limits, but also how these are presented to patients.
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1 Introduction

High and increasing health care expenditures are a major policy concern in many countries.
One of the main policy tools to reduce medical spending is to introduce or expand patient cost-
sharing schemes that let patients pay for a portion of health care expenditures not covered by
health insurance. Across OECD countries, patients now pay on average around 20 percent of
total health care expenditures out-of-pocket (OECD Indicators, 2015). Evidence from both field
experiments (Manning et al., 1987; Finkelstein et al., 2012) and natural experiments (Chandra
et al., 2010; Brot-Goldberg et al., 2017) shows that individuals reduce medical spending in
response to economic incentives that follow from cost-sharing schemes such as deductibles and
co-payments.

While there is compelling evidence that patients react to financial incentives, it is less well
understood how and why details of the design of contracts shape the size of this reaction. In
this paper, we focus on the question whether the framing of cost-sharing incentives affects
the reaction to those incentives. For this, we make use of a policy change that occurred in the
Netherlands. Until 2007, patients received a no-claim refund if they consumed little or no health
care. The refund was the lower the more care they had consumed. From 2008 onward, there
was a deductible. This means that economic incentives were first framed in terms of smaller
gains and later as losses. Our central hypothesis is that patients are loss-averse and form their
reference point in a way so that they react more strongly to incentives when they are presented
in terms of losses. This implies that patients react stronger to deductibles than to no-claim
refunds.

For several reasons, the Dutch setup provides a favorable setting to study this question. First,
the policy change we exploit affected all individuals above the age of 18. Insurance contracts
were required by law to feature a refund in 2006 and 2007 and a deductible from 2008 onward.
At the same time, there were no major changes on the supply side. Second, the Netherlands
has a system of universal health insurance where insurance status is not tied to labor market
status, employer, or age. This allows us to study the effect for a broad population of insured
individuals.

Our analysis is based on administrative data for the years 2006 to 2015. The data are from
a Dutch health insurer whose population of insured individuals is broadly representative for the
Dutch population. They include claim-level information on health care utilization, which we
aggregate to around 9 million person-month observations, as well as background variables such
as neighborhood income, age, and gender.

To measure the effects framing has on the reaction to cost-sharing incentives, we must over-
come two empirical challenges. The first challenge is that we have a before-after design: the
framing of cost-sharing incentives changed for all individuals at the beginning of 2008. While
there were no other big reforms that became effective at the same time, we need to control
for smaller changes that occur over time, including changing prices. The second challenge is
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that within a year the incentives patients face are endogenous: individuals who have reached
the cost-sharing limit at a given point in time and therefore do not have to pay out-of-pocket
anymore are on average sicker than individuals who have not reached the cost-sharing limit yet.
Our empirical approach to overcome these two challenges is to exploit differences in the within-
year variation of incentives across individuals using an instrumental variables approach. As we
explain in detail in Section 6 this can be seen as a triple differences-in-differences grouping
estimator. The groups consist of individuals with a similar risk score, age, and gender. The first
difference is within groups and year and across months; the second difference is across groups;
and the third difference is across policy regimes. Implementing this by means of a instrumen-
tal variables approach with a simulated instrument allows us to also account for differences in
seasonal trends across groups within the year and autocorrelation of health care expenditures
across months.

Our central finding is that patients react to incentives much more strongly when they are
framed in terms of losses. In particular, we find that cost-sharing decreases health care expen-
ditures under both a no-claim refund and a deductible policy, but the decrease is much larger
under a deductible policy. When patients have to fully pay out-of-pocket monthly health care
expenditures are reduced by 16.9 percent under a no-claim refund and by 38.7 percent under
a deductible. While these effect sizes might seem large, our estimates of price effects for the
deductible scheme are similar to the results Brot-Goldberg et al. (2017) report for a sample of
employees of a large firm in the U.S.

Simulations based on our estimates show that the overall effect that is due to framing is a
reduction in yearly spending of 8.6 percent. This suggests that discussions on the optimal design
of cost-sharing incentives should not only involve coinsurance rates and cost-sharing limits, but
also how these are presented to patients.

In addition, we provide a more in-depth analysis. First, we investigate whether the average
effects we estimate are driven by particular groups or whether framing has an effect across all
groups. For this we leverage the fact that our sample is for a broad sample of the population and
that we observe background variables such as income in the neighborhood. Perhaps surprisingly
we do not find significant differences in the size of the effect by age and by income in the
neighborhood, but we do find that women react stronger to prices than men and that effects are
stronger for individuals with lower risk scores than for individuals with higher risk scores.

Second, we turn to the question why changing from a no-claim refund to a standard de-
ductible had such a large effect. Our preferred explanation is that individuals are loss-averse
(Kahneman and Tversky, 1979) and that they choose their reference point in a way so that they
see a deductible payment as a loss and no-claim refund as a gain; as a consequence they will
react stronger to a deductible than to a no-claim refund. This hypothesis was developed by John-
son et al. (1993) in a theoretical contribution. We discuss why this is our preferred explanation
and show that our findings are likely not driven by differences in the timing of payments, liquid-
ity constraints, differences in information about cost-sharing incentives between both schemes,
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and salience.
This paper contributes to the literature on the effect of patient cost-sharing on health care

expenditures. A focus of recent studies is a better understanding of the behavioral underpin-
nings of patients’ responses to cost-sharing schemes, e.g. to what degree patients respond to the
dynamic incentives provided by cost-sharing schemes (Einav et al., 2015; Abaluck et al., 2018;
Dalton et al., ming), whether co-payments cause patients to shop for cheaper providers (Brot-
Goldberg et al., 2017), or how responses vary by type of medical service (Ellis et al., 2017). In
our study, we expand the knowledge about patients’ responses to cost-sharing schemes in a new
direction by showing that the framing of patient cost-sharing—as a deductible or as a no-claim
refund—can have a large impact on health care utilization.

In contemporaneous independent research, Remmerswaal et al. (2017) show that the dif-
ference in annual health care expenditures in the Netherlands between 19 and 17 year olds is
bigger in years in which a deductible was in place than in years when a no-claim refund was
in place. Our study has several advantages compared to Remmerswaal et al. (2017). First, our
data and identification strategy allow us to estimate the effect of patient cost-sharing across all
age groups and not just for people around the age of 18, which adds to the external validity of
our study. Second, we do not assume that annual health care expenditures are a linear function
of the amount of deductibles and no-claim refunds. Instead, we examine individual responses
to whether or not they have exceeded cost-sharing limits at a given point of time within a year.
Third, we are able to say more about the underlying mechanism.

More generally, we contribute to the literature on the effect of patient cost-sharing on health
care expenditures in the Netherlands. Recent contributions to this literature include Ecorys
(2011) and Lambregts and van Vliet (2017).1

In the following, Section 2 describes the institutional background. A conceptual framework
based on loss aversion is proposed in Section 3. Section 4 provides details on the data. Sec-
tion 5 presents descriptive evidence. Section 6 describes the empirical approach. Section 7
presents the main results. Section 8 discusses potential alternative mechanisms other than loss
aversion, and Section 9 presents robustness checks. Section 10 discusses policy implications
and concludes.

2 Institutional background

The Dutch health care system lends itself well for separating framing effects from other deter-
minants of demand. Insurance plans with a no-claim refund in the years 2006 and 2007 and
insurance plans with a deductible in the years thereafter were similar in terms of coverage and
services for which there was cost-sharing. These plans also provided similar economic incen-
tives because the deductible limit was similar in size to the no-claim refund limit. At the same

1A survey of the literature on patient cost-sharing in the Netherlands can be found in Remmerswaal et al.
(2015).
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time, there were no substantial changes on the supply side.
Next, we provide some background information on the health care system in the Nether-

lands, the two cost-sharing schemes, and the way in which providers are paid.2

2.1 Health insurance in the Netherlands

The Netherlands has a system of universal, mandatory health insurance coverage. Since a re-
form of the health insurance system in the year 2006, insurance is funded in about equal pro-
portions by income-dependent employer contributions and premiums paid by the insured. At
the same time, there is a risk equalization scheme between insurance providers.

Every resident of the Netherlands is obliged to purchase a basic, nationally standardized
insurance plan on the market, from one of several competing private health insurers. The pre-
miums are community-rated, meaning that the insurance premium is similar across patients,
irrespective of characteristics like age, gender, and health status. Premiums may only differ
for different levels of cost-sharing, and for enrollees who enroll via a collective bargaining
agreement (in which case they can receive a discount of up to a 10% of their monthly insur-
ance premium). Furthermore, health insurers are not allowed to deny basic health insurance
coverage.

The basic health insurance plan includes a wide range of services, such as general practi-
tioner (GP) services, hospital care, prescription drugs, mental health care, geriatric care, and
medical devices such as hearing aids and prostheses.3 On top of this basic insurance package,
individuals can buy additional coverage on the market for supplemental health insurance, for
example for dental care.

Private insurers compete with one another in terms of policy conditions such as monthly
premiums and service quality. Insurers negotiate contracts with providers that typically contain
agreements on prices, volumes, and quality (Krabbe-Alkemade et al., 2016). At the start of
each year, insurees are allowed to switch to another health insurer. Between 2006 and 2012, the
annual switching rates ranged between 4 and 6 percent (NZA, 2012).

2.2 Patient cost-sharing

In this paper we make use of the fact that two alternative cost-sharing schemes have been in
place at different points in time. Both schemes were mandatory and uniform across health
insurance plans. In the years 2006 and 2007, health insurance plans had to feature a no-claim
refund, and since 2008 health insurance plans have to feature an annual deductible.

Under the no-claim refund enrollees receive a refund at the end of the year if their annual

2See Schäfer et al. (2010) for additional details.
3Services included in the basic health insurance plan changed slightly over the years. The most notable change

was the inclusion of mental health care services and geriatric care in the year 2008. As a robustness check we
estimate a specification in which we exclude mental health care and geriatric care.
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Figure 1: No-claim refund and deductible
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Notes: This figure shows financial implications of care consumption under a no-claim re-
fund and a deductible. The cost-sharing limit is the same for both.

health care spending during the year was below the no-claim refund limit. The amount of
the refund is equal to the difference between the no-claim refund limit and annual health care
spending. Under the deductible individuals pay out-of-pocket for all care up to the deductible
limit. Health care utilization beyond the deductible limit is free from the patient’s perspective.

Financial implications of care consumption from the patient perspective are illustrated in
Figure 1. The horizontal axis depicts annual health care spending. The vertical axis shows
wealth relative to the situation after paying insurance premiums: under a no-claim refund, pa-
tients receive a weakly positive payment; under a deductible they make payments up to the
maximum deductible when consuming care. In the figure, the no-claim refund limit is set equal
to the deductible limit. The two curves for no-claim refunds and for deductibles have the same
shape, but they are shifted vertically. The identical shape of the two curves reflects that the
“price” that patients have to pay for an additional euro of health care utilization is identical
under both schemes for any level of annual health care spending. The vertical shift between
the two curves does not imply that health care is cheaper under a no-claim refund than under
a deductible. Instead, the vertical shift will be offset by different levels of health insurance
premiums, which will be higher under the no-claim refund than under the deductible.4

4This means that patients could also perceive the two schemes as equivalent. We further discuss this in Section
3.2.
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The no-claim refund limit in the years 2006 and 2007 was 255 euros. The deductible limit
started at 150 euros in the year 2008, and it was subsequently increased in several steps to 375
euros in the year 2015.5

Minors up to the age of 18 years are excluded from patient cost-sharing under both the no-
claim refund and the deductible scheme (a feature we make use of in Section 9.1 to conduct
a placebo test). Furthermore, certain types of medical services such as GP care and maternity
care are also excluded from patient cost-sharing (GPs are a patient’s first point of contact when
in need for health care, and they have a gatekeeping function in the Dutch health care system,
see Schäfer et al., 2010).

Under both regimes, individuals could opt for a voluntary, additional deductible (in quanti-
ties of 100 euros, with a maximum of 500 euros).6 In return, they received a discount on their
monthly premium.

Even though cost-sharing rules apply uniformly to all patients, people with a chronic illness
can apply for a subsidy that partially compensates them for their higher expected deductible
payments. Eligibility is based on whether or not people have received treatment for chronic
illnesses in the previous two years. It does not depend on current year’s spending. Despite the
fact that many people qualify for this subsidy, a substantial share of the eligible population is
not aware of the rule (Reitsma-van Rooijen and Jong, 2009).

2.3 Payment of providers

In the Netherlands, providers are predominantly paid for bundles of services (Schäfer et al.,
2010). For specialist care, these bundles are called “diagnosis-treatment combinations (DTCs)”
(Hasaart, 2011; Van de Ven and Schut, 2009). The specialist assigns the patient to a DTC upon
first contact, but is allowed to adjust this choice later should there be changes in the treatment
process (see Hasaart, 2011).

In general, providers bill the insurance company directly, even if the patients have to pay
out-of-pocket (as opposed to billing patients who then ask for reimbursement). Billing is usually
done with a substantial delay. Figure C.1 in the Online Appendix shows that the delay between
the first contact and the date the bill was sent to the insurer depends on the size of the claim. It
is 90 days for claims between 100 and 200 euros and more than 150 days for claims above 200
euros.

When processing incoming bills, health insurers calculate how much patients will have to
pay out-of-pocket and, if applicable, send a bill to patients. If patients were unable to pay the
bill immediately then it was usually possible to pay in installments. The no-claim refund for a
given year was paid out at the end of the first quarter in the following year. This means that there

5The deductible limits were 155 euros in 2009, 165 euros in 2010, 170 euros in 2011, 220 euros in 2012, 350
euros in 2013, and 360 euros in 2014.

6The number of individuals doing so was almost negligible. We exclude them from our analysis. See Section 4
for details.
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was a delay for both deductible payments insurers received from patients and no-claim refunds
patients received from the insurers. The delay was generally shorter for deductible payments.7

2.4 Patients’ information

Survey evidence shows that knowledge about the existence of both no-claim refunds and de-
ductibles was close to universal in the Netherlands during our study period (Ecorys, 2011;
Goudriaan et al., 2007; Van der Maat and de Jong, 2010). An exception was knowledge about
the existence of a deductible immediately after its introduction in the year 2008 when only 42%
of respondents to a representative survey knew about the deductible. However, already one year
later this share increased to 95%.

Under the no-claim refund policy the health insurer sent a letter to insurees that informed
them as soon as they had exceeded the no-claim refund limit. Under the deductible policy,
patients receive invoices for deductible payments during the course of the year. From these
invoices, they can see whether they still have to pay for the next treatment. Importantly, in
either case patients were informed about exceeding the cost-sharing limit as soon as the health
insurer had received the relevant invoices from the providers. In addition, patients knew which
treatments they received and could use this knowledge to inform their beliefs about whether
or not they had exceeded the cost sharing limit in a given year. Arguably, given that the cost
sharing limit was very low, patients had a fairly good idea about whether or not they had reached
it at a given point in time. For instance, if they had received a big treatment that for example
involved an overnight hospital stay, then they could reasonably expect that they had exceeded
the cost-sharing limit even if they did not know the exact cost of the treatment.

3 Conceptual framework

3.1 Non-linear price schedules

Our study examines how patients react to cost-sharing under a deductible and no-claim refund
policy, respectively. Defining the price of care from the patients’ perspective is not straightfor-
ward.

Under both policies individuals make decisions throughout the year. The price of care is a
function of past health care consumption in the same year, and it can thus vary over the course
of a year. Forward-looking decision-makers should take this into account when making choices
about health care utilization earlier in the year. In two seminal theory articles, Keeler et al.
(1977) and Keeler and Rolph (1988) present a set of assumptions including risk neutrality and
separability of the utility function in health and money under which the expected end-of-year
price—this is equal to one minus the probability of hitting the cost-sharing limit by the end the

7In Section 8.1 we investigate whether this could be an alternative explanation for our findings.

8



year—is the only relevant price. Ellis (1986) refines this by also incorporating risk aversion and
derives the relevant shadow price. Based on this, one could proceed and spell out a structural
model and estimate it using our data.

Here, we instead follow Brot-Goldberg et al. (2017) and Ellis et al. (2017) and say that the
price is one if an individual has to pay for the first euro of a treatment herself and zero if a
treatment is fully covered by the insurance. At the beginning of the year the price of care is
1. After patients have exceeded their annual cost-sharing limit the price they pay for additional
care is 0. Thereby, we focus on the question of how health care consumption depends on the
current price of health care at the point in time at which the decision is made and the question
how this reaction depends on the framing of cost-sharing. We do so for two related reasons.
First, recent empirical studies find evidence for substantial myopia in patients’ decisions about
health care use in the presence of non-linear price schedules. In particular, Brot-Goldberg et al.
(2017) show that patients react to current prices even after controlling for expected end-of-year
prices.8 Second, health care consumption is lumpy and deductibles are relatively small in the
Netherlands. Both the current price and the expected end-of-year (“future”) price are functions
of past health care consumption, and because of the lumpiness and the small cost-sharing limits
both are highly correlated. In our estimation sample, this correlation is 0.8.

In addition, we intentionally do not control for the evolution of the future price over the
course of the year, as it is not the focus of this paper whether the reaction we observe is a
reaction to the future price or the current price.9 We will however control for differences across
individuals by controlling for the future price at the beginning of the year. Further details are
provided in Section 6.

3.2 Framing as gains and losses

Loss aversion, one of the elements of prospect theory, postulates that decision-makers value
losses more than corresponding gains (Kahneman and Tversky, 1979). This concept can also
be applied to patient cost-sharing for health insurance where cost-sharing incentives can be
perceived either as a loss or a gain. Whether patients perceive payments as a loss or a gain

8Also Abaluck et al. (2018) and Einav et al. (2015) find evidence for a high degree of myopia for Medicare Part
D patients. Abaluck et al. (2018) find that a model with substantial myopia fits the data well. Einav et al. (2015)
estimate a discount rate of around 7 percent per week, which means that the yearly discount rate is 98 percent. Their
preferred interpretation of this model parameter is that it is “a behavioral parameter that also reflects individuals’
understanding of the insurance coverage contract, in particular the salience of the (future) nonlinearities of the
contract.” Dalton et al. (ming) relate this to current prices being more salient.

9In fact, the coefficient on the current price will capture the effect of both the evolution of the current price and
the evolution of the future price. Qualitatively, we will see a similar reaction in either case, as prices are highly
positively correlated. Because of the correlation, our estimates will put the more weight on the current price the
more individuals discount. To see this, consider the two polar cases. Suppose individuals are fully myopic. Then,
they will react only to the current price, which is included in the regression. Instead assume that they are fully
forward-looking and don’t discount. Then, they will react only to the future price. As this price is highly positively
correlated with the current price that is included in the regression, we will qualitatively capture the effect of the
future price even if we include the current price into the regressions.
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Figure 2: Experienced effects
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Notes: This figure shows the experienced effects of a foregone refund and of a deductible
payment. The amount for both is the same.

depends on their reference point.
In a theoretical contribution, Johnson et al. (1993) consider the case when patients perceive

their financial situation after paying insurance premiums as reference point. This is the situation
we have depicted in Figure 1. Compared to this reference point they will view a deductible
payment as a loss. In contrast, if they receive a refund at the end of the year under a no-claim
refund policy, then they will view this payment as a gain relative to their reference point. Thus,
patients should react stronger to cost-sharing under a deductible policy than under a no-claim
refund policy.

This is illustrated in Figure 2, which shows a utility curve (“value”) under loss aversion
when the cost-sharing limit has not been reached. The reference point is the financial situation
after paying health insurance premiums. The utility curve is steeper to the left than to the
right of the cutoff point, and in both directions the utility curve becomes flatter with increasing
distance to the reference point. The figure shows that the experienced effect of a deductible
payment is higher than the effect of an equivalent reduction in the refund under a no-claim
refund policy. When patients make decisions about medical care use they will compare the
value of the treatment with the value they assign to their own payment, either a deductible
payment or a foregone refund under a no-claim refund policy. Thus, patients will use less
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medical care under a deductible policy than under a no-claim refund policy.10

Above, we have assumed that patients choose the financial situation after paying health
insurance premiums as their reference point. However, van Winsen et al. (2016) point out that
individuals may also choose other reference points such as their financial situation before paying
insurance premiums. In that case, they will feel to be in the loss domain under both schemes.
Then, there will be no stronger response to the price under a deductible than under a no-claim
refund.

Our central hypothesis is therefore that individuals are loss-averse and form their reference
point in a way so that they react more strongly to incentives when they are framed in terms
of losses instead of gains. This hypothesis is testable, as individuals would not react to the
difference in framing if either it is the case that individuals are not loss-averse or if they use the
same reference point under a no-claim refund and a deductible.

4 Data

Our data come from a large Dutch health insurer. They were obtained under a pilot project in
which a new payment model for GPs was designed and implemented (see Hayen et al., 2015,
for details). This pilot ran from July 2014 to the end of 2015, but the data also include pre-
intervention years. The data cover the years 2006 to 2015.

From a set of approximately 200 GPs that participated either in the intervention or were part
of the control group, we first selected all insurance enrollees who were registered with those
GPs. For our main analysis, we use observations for individuals who were at least 19 years old
(such that they were subject to cost-sharing for the entire year—information on the month of
birth is not available to us), were insured for the entire year, and did not opt for a voluntary
deductible. Excluding individuals with a voluntary deductible from our sample does not cause
serious concerns, as we exclude only about 2 percent of the observations for that reason.11 Our
estimation sample consists of an unbalanced panel with about 85,000 insured individuals in any
given year.12

To assess the representativeness of our sample, we compare the average age and the propor-
tion of women, both among individuals who are at least 19 years old, to the respective values
for the Dutch population. Differences are small. Individuals in our sample are about 1 year

10In our empirical analysis, for reasons we have given in Section 3.1, we study the reaction to current prices.
The analysis is carried out on a monthly level. The reasoning in the paragraph above also applies to the monthly
level: Figure 2 then shows utility defined over gains and losses at the monthly level, when the reference point is
wealth after the monthly premium has been paid.

11The fraction of individuals with a voluntary deductible varies over the years. In the beginning, it was about 1
percent and then grew to 4 percent over the course of 10 years.

12People who met this requirement were both insured with the health insurer, and registered with one of the
GPs in our sample. The panel is unbalanced because individuals may have changed insurer or may have chosen a
voluntary deductible in some years (and were therefore excluded in those years). In our analysis below, we control
for time effects and thereby also for differences in sample composition over the years. Individuals in our sample
were always observed for entire years and our main parameters of interest are estimated from within-year variation.
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older on average and the percentage of women is by one percentage point higher.
Our data include information on each person’s insurance policy, length of enrollment, and

medical care utilization at the claims level. These claims-level data are very detailed. Among
others, they include the billing code of the particular service, a full description of the service,
the full DTC for medical specialist care, the start date of the treatment, the billing date (by
the provider to the insurance company, not the billing date to the patient), the amount paid by
the insurance, and the amount paid out-of-pocket by the patient. For prescription drugs, we
know the exact quantity delivered (e.g. 5 ml of Tobramycin) and their classification according
to the Anatomical Therapeutic Chemical Classification System with defined daily doses (World
Health Organization, 2006).

We inferred information on whether or not an individual has one of 25 chronic conditions
(e.g. type 2 diabetes) based on claims for prescription drugs. In case a person has billed more
than 180 daily doses of medicines linked to the treatment of a particular chronic condition, she
was believed to have this condition.13

The data also contain demographic information (age, gender), and a person’s postal code
at the 6-digit level.14 We use the latter to add information on socioeconomic status: we add
income (as measured in December 2008) and the percentage of non-western immigrants (as
measured over 2010) at the 6-digit postal code level using data from the Dutch Central Bureau
of Statistics (Statistics Netherlands, 2012). We also add 2006 socioeconomic status scores at
the 4-digit postal code level, as calculated by the Netherlands Institute for Social Research
(Netherlands Institute for Social Research, 2006).15 These status scores are calculated based on
income, education, and employment status.

Outcome variables in our study are measures of health care expenditures. Our measures of
health care expenditures include all care that is included in the basic health insurance package
and is in principle subject to patient cost-sharing. The latter restriction excludes GP care and
maternity care. Our two outcome variables in the main analysis measure monthly health care
expenditures at the intensive margin and at the extensive margin, respectively. Our measure
of health care expenditures at the intensive margin is given by yit = log(spendingit +1) where
spendingit are the health care expenditures of individual i in month t.16 Our measure of health
care expenditures at the extensive margin is a binary indicator that equals 1 in case a person

13We obtained additional data from the Royal Dutch Pharmacists Association to translate each prescription drug
claim into the number of defined daily doses obtained. For each individual, we then summed the number of defined
daily doses obtained per medicine group as defined by their 6-digit Anatomical Therapeutic Chemical Classifica-
tion (e.g. metformine) and used data from the Dutch Health Care Institute to link a medicine’s classification to the
treatment of chronic conditions (e.g. metformine is used for the treatment of type 2 diabetes).

14A 6-digit postal code consists of a number with 4 digits and two letters. In 2007, there were 456,913 differ-
ent postal code areas (http://postcodeinfo.nl/files/factsheet-postcodeinfonl.pdf, accessed November 2017) and 17
million inhabitants (http://statline.cbs.nl/StatWeb/publication/?PA=37296ned&D1=a&D2=0,10,20,30,40,50,60,(l-
1),l&HDR=G1&STB=T, accessed November 2017). This means that there are on average 37 inhabitants per postal
code area.

15There are 4,054 4-digit postal codes (https://home.kpn.nl/pagklein/postcodes.html, accessed November 2017).
This means that there are on average 4,193 inhabitants per postal code.

16See Online Appendix A.1 for details on how this was constructed.
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consumed a positive amount of medical care in a given month, and it equals 0 in case she did
not consume medical care in this month.

Our main independent variable in both models is the price pit for person i in month t, which
we define as the marginal cost-sharing rate for the first unit of care consumed within a month.
This price equals 0 in case a person has exhausted her deductible or exceeded the no-claim
refund limit at the beginning of a month, and 1 in case she has not. Whether or not medical
spending is above the cost-sharing limit is determined based on the treatments that have been
started up to that point of the year, independent of whether this care has already been billed to
the health insurer (see Section 2.3 and 2.4).

Additional control variables include age, gender, risk score deciles, and the expected end of
year price at the beginning of January. The risk score is given by a person’s predicted annual ex-
penditures divided by the sample’s average annual expenditures. We obtained this prediction by
performing a linear regression of annual health care expenditures on several risk characteristics,
which are age and gender (gender fully interacted with a third-order polynomial in age), last
year’s spending decile, indicators for chronic illnesses in the previous year, and quartile splits
for income, the percentage of non-western immigrants, and the socioeconomic status score in
the neighborhood. With this we aim to mimic the way risk scores are calculated in Dutch risk
adjustment scheme between health insurers.17 Based on individual risk scores we compute a
set of risk score decile indicators at the person-year level. We also estimate the expected end-
of-year (“future”) price from the perspective of the beginning of the year (see also Section 3.1).
This price is calculated as the average end-of-year price at the level of a cell formed of the risk
score decile and age/gender category (18-40, 40-65, and over 65 years of age).

Table 1 presents summary statistics for three different samples. The first column is for our
estimation sample. The second column is for the full sample of individuals in our data who
are at least 19 years old. The third column is for the sample of individuals who are in our data
in all years. About half of the individuals in our estimation sample are female. They were in
their late 40s on average. Average gross income at the postal code level is about 2200 euros per
month. In a given month, average health care expenditures that are subject to cost-sharing are
about 200 euros, and the likelihood that there are positive expenditures in a given month is 42
percent.18

Comparing means across columns shows that individuals in the balanced sample, who re-
mained with both the insurer and the sampled GPs throughout our study period, are somewhat
older on average. They have a higher probability to have a claim in a given month, but lower

17See Online Appendix A.2 for details. In the national risk-equalization scheme, insurance companies compen-
sate one another for differences in their risk pools. This is necessary because risk-rating is not allowed. The actual
risk scores in the national risk-equalization scheme use additional information that was not available to us. For
instance, they use income at the individual level, while we use income at the 6-digit postal code level. We expect
the difference to be small, as a postal code covers only 37 persons on average (footnote 14).

18Table C.3 in the Online Appendix presents average care consumption and the fraction who hit the cost-sharing
limit by year, respectively. Figure C.3 plots the consumption of care within the year. It shows that there is no
strong seasonal component.
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Table 1: Summary statistics for different samples

estimation
sample

full
sample

balanced
sample

individual and neighborhood characteristics

female 0.52 0.52 0.52

age 49.80 48.75 53.77

income (if not missing) 2182.37 2188.60 2167.38

indicator income missing 0.04 0.04 0.03

care consumption per month

expenditure 202.55 194.72 186.02

has claim 0.42 0.41 0.44

number observations 8,771,940 10,965,456 3,854,952

Notes: This table shows summary statistics for individuals who are at least 19 years old, insured for
the entire year, and choose the minimum deductible. One observation is a person-month. The first
column is for all individuals in our estimation sample who automatically meet these requirements.
The second column is for the full sample of individuals meeting these criteria. There are more
observations because in our estimation sample we also require that information for the respective
previous year is available. This information is used to calculate the risk score. The third column
is for the balanced sample of individuals who have been at least 19 years old in 2007 and were in
our data until 2015. All presented values are means across individuals and time. Statistics for the
estimation and the balanced sample are reported as averages across the years 2007 to 2015. Income is
gross income at the 6-digit postal code level in nominal euros. Care consumption is the consumption
of care that falls in principle under the no-claim refund policy or the deductible. Has claim is one if
care consumption is non-zero in a given month.
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Figure 3: Care consumption around week in which cost-sharing ends
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Notes: This figure shows average health care expenditures in weeks before and after exceed-
ing the no-claim refund limit or the deductible in 2007 and 2008, respectively. Cost-sharing
incentives were framed as a no-claim refund in 2007 and as a deductible in 2008.

average health care expenditures. Still, differences across samples are not big, especially given
the fact that the balanced sample is less than half the size of the estimation sample. As a robust-
ness check, we also obtain estimation results for the balanced panel, and we find that results are
very similar for our baseline estimation sample and the balanced panel.19

5 Descriptive evidence from an event study

The central question in this paper is whether the way patients react to cost-sharing incentives
depends on the framing. Figure 3 presents model-free evidence from an event study. The
general empirical approach in this paper is different and explained in detail in Section 6.

For constructing the figure we follow individuals who exceed the no-claim refund or de-
ductible limit in a given year, and we compare their health care spending in the weeks before
and after hitting the cost-sharing limit. We do so for a balanced panel of individuals whom we
observe at least 12 weeks before hitting the cost-sharing limit and 12 weeks thereafter in the
same calendar year. This means that we exclude all observations for individuals who do not hit
the cost-sharing limit during the year or who hit the cost-sharing limit very late or very early in
the year.

19These results are shown in Table C.6.
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The horizontal axis shows weeks relative to the week of hitting the deductible limit (or the
no-claim refund limit). The vertical axis shows average weekly health care expenditures. Each
dot shows the average health care expenditures for a different week alternatively in the year
2007, when a no-claim refund was in place, and in the year 2008, when a deductible policy
was in place. To the right of the vertical line, after hitting the cost-sharing limit, the price of
care is zero. The figure shows that after reaching the cost-sharing limit average expenditures
are very similar under the no-claim refund in 2007 and the deductible in 2008. By construction,
there is a peak in health care expenditures in the week that the deductible limit (or the no-claim
refund limit) is hit and in the weeks thereafter health care expenditures show no clear trend over
a 12 week period. To the left, before hitting the cost-sharing limit, the current price is one, and
individuals are subject to cost-sharing incentives. Under both schemes, average expenditures
are lower to the left than to the right of the red line. However, expenditures are substantially
lower in 2008 under the deductible than in 2007 under the no-claim refund. Accordingly, the
increase in health care expenditures at the time of exceeding the cost-sharing limit is much
larger under the deductible scheme than under the no-claim refund scheme.

Thereby, this figure shows strong suggestive evidence for our main hypothesis that health
care expenditures respond stronger to deductibles than to no-claim refunds. We call this evi-
dence suggestive because the increase in health care expenditures upon hitting the deductible
cannot be interpreted as causal effect. It could also be explained for example by serial corre-
lation in health care expenditures if high health care expenditures in the week of hitting the
cost-sharing limit tend to be followed by other weeks with high health care expenditures. In the
following sections we turn to a more formal analysis to address such concerns.

6 Empirical approach

Our goal is to estimate the effect of the price of care on health care utilization, alternatively
under a no-claim refund policy and a deductible policy. We specify the estimation equation

yit = pitdno-claim refund
t β

no-claim refund + pitddeductible
t β

deductible + x′itγ + εit , (1)

where pit is the price of care for individual i at the beginning of month t, dno-claim refund
t is a

binary indicator for months in which the no-claim refund was in place, ddeductible
t is a binary

indicator for months in which the deductible was in place, and xit is a vector of controls that
includes a constant term. εit is an error term, and γ is a vector of parameters. β no-claim refund and
β deductible are the main parameters of interest. They measure how health care expenditures re-
spond to prices under a no-claim refund and a deductible, respectively. The difference between
β no-claim refund and β deductible can be interpreted as the effect of framing.20

20For this interpretation we have to exclude other potential explanations for stronger reactions to cost-sharing
incentives in years in which a deductible was in place. We do so in Section 8.
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In our baseline specifications, the dependent variable yit is either the log of health care
costs of individual i in month t plus 1 (as health care costs can be zero), so that coefficients
are approximately percentage changes in total spending. Or the dependent variable is a binary
indicator for any expenditures in a given month, in which case coefficients measure effects at
the extensive margin.

Determinants of health care costs in xit include a full set of month and year dummies in
order to control for seasonal variation in health care needs related to, for instance, the flu and
for changes across years that are, for instance, driven by health care inflation. xit also includes
indicator variables for 5 year age bins and for gender. In addition, xit includes indicators for the
deciles of the individual risk score and the expected end-of-year price from the perspective of
the beginning of the year (see Section 3.1). The risk score controls for differences in expected
health care expenditures across individuals, and the expected end-of-the-year price captures in
addition that cost-sharing limits and health care prices change over the course of our study pe-
riod such that in different years individuals with the same risk score face a different probability
of exceeding the cost-sharing limit and experiencing a zero price. Finally, xit includes the log
of lagged health care expenditures in the previous three months plus one in order to control for
autocorrelation in health care expenditures.

Next, in Section 6.1, we discuss potential threats to identification of β no-claim refund and
β deductible. Then, in Section 6.2, we explain how we address related concerns using an in-
strumental variables approach.

6.1 Threats to identification

In (1), pit is individual-month specific. It is a function of past care consumption by the same
individual within the same calendar year: pit is 0 when individuals have exceeded the cost-
sharing limit and 1 otherwise. This means that a first concern could be that our estimates
may suffer from omitted variables bias when we do not sufficiently control for time-invariant
individual differences in expected spending that lead to a higher likelihood that pit is 0.

To see this, suppose that the omitted variable was the risk score (for which we actually
control in our analysis, among others). For a given pit , individuals with a high risk score will
on average consume more care compared to those with a low risk score. Because prices are a
function of past health care consumption, pit will therefore on average be lower for individuals
with a higher risk score, which means that a regression of health care consumption on prices will
lead to an upward-biased estimate of β no-claim refund and β deductible when we do not control for
the risk score. This concern is partly already addressed by including numerous control variables
for health care needs in xit , including the risk score. If the bias in both coefficients would be the
same, then we could still measure framing effects by comparing both biased coefficients with
one another. But it is not obvious why this would be the case.

A second potential concern is also related to the fact that pit is a function of past health care
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consumption in the same year. The price in t depends on past values of εis, when s < t. If there
is autocorrelation in the error term, for example because health shocks are correlated over time,
then pit will also be correlated with εit , because pit is a function of εis, while εit is correlated
with past εis. This will result in prices being endogenous.21

A third potential concern is that seasonal trends in health care consumption differ between
groups of the population. In equation (1) we control for period effects, but not for interactions of
period effects with individual characteristics. It could for instance be that younger individuals
are more likely than older individuals to have skiing accidents, which tend to occur in the winter
months at the beginning of the year. A consequence of this would be that prices are negatively
correlated with the error term, as the error term also captures the deviation of the group-level
seasonal trend for younger individuals from the general seasonal trend, which is captured by
period fixed effects.

6.2 Instrumental variables approach

We overcome the three aforementioned threats to identification using an instrumental variables
approach. Our instrument for the price is an average simulated price a particular group faces in
a given month.

For this, we first define groups as a specific combination of the risk score decile, the age
group, and gender.22 Then we nonparametrically estimate the empirical distribution function
of monthly health care consumption for each group. Here we pool across all months and all
years.23 Then, we take draws of monthly expenditures for a set of simulated individuals and
compute whether they would have exceeded the cost-sharing limit at the beginning of a given
month. From this we compute the simulated fraction of individuals in a group who have not hit
the cost-sharing limit for each month in each year. We do so separately for each year, because
the cost sharing limit changed across years. This fraction is denoted by zit and it is used as
instrument for pit .

Figure 4 shows the average value of the instrument by month and by risk score quartiles (i.e.,
here we average over years and aggregate groups to the 4 risk score quartiles for readability). It
illustrates the variation in average prices between groups that we use to identify price effects.24

For all patients, prices are 1 in January. For patients with high risk scores, average prices

21Note that this means that we cannot use a fixed effects estimator to control for level differences, because a
fixed effects estimator would only yield consistent estimates if strict exogeneity would hold. This does not hold
here because the regressor pit is correlated with some εis, s < t, for the same individual.

22Age groups are defined as age 0-18, 19-39, 40-64, and 65+. For the first four risk score deciles, we combine
the two last age groups into one to ensure that there are enough observations per group. Therefore, there are 468
groups (10 deciles times 3 age categories times 2 genders minus 8 merged groups) in our baseline sample.

23Whether or not we correct for price changes between the years before estimating the empirical distribution
function does not affect the validity of our instruments. In our analysis below we have not corrected for price
changes. However, we have re-run the analysis taking price changes into account and found very similar results.

24Figure C.6 in the Online Appendix shows the actual fractions by risk score for 2007 and 2008. One can see
that overall patterns are very similar. Figure C.7 also shows variation in the instrument across years for a given
month.
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Figure 4: Simulated fraction of individuals below cost-sharing limit by risk score
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Notes: This figure shows the simulated fraction of individuals who have not hit the cost-
sharing limit. We present the average by quartile of the risk score, across years. Figure C.6
in the Online Appendix shows the actual (non-simulated) fractions by risk score quartile.
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quickly decline over the following months and then approach 0. For patients with low risk
scores, this decline is much slower and average prices are still close to 1 at the end of the year.
In our empirical strategy we control for level differences in average prices between groups by
including characteristics that were used to form groups in xit .

Our instrumental variables approach is built on institutional knowledge, in particular knowl-
edge on the mechanical nature in which prices depend on past health care consumption and cost-
sharing limits. There is variation in the instrument across groups because for different groups
we draw from different empirical distribution functions. There is variation over time within
the year because as the year progresses more and more simulated individuals will exceed the
cost-sharing limit. Variation in the instrument across years is driven by variation in institutional
rules.

When estimating the empirical distribution functions we deliberately pool across months
and years. By pooling health care expenditures across months, the instrument is purged of
differences in seasonal patterns across groups in the population. By pooling expenditures across
years, we make sure that the variation in the instrumental variable across years is only driven
by changes in institutional rules, and not by how individuals respond to these changes. That is,
simulated average prices for the same group and month differ across years because of changing
cost-sharing limits, but not because of patients’ responses to changing cost-sharing limits or
because of different responses to prices in years with a deductible and in years with a no-claim
refund.

Formally, for the instrument zit to be valid, we need it to be relevant and an exclusion
restriction needs to hold. As for relevance, zit is related to pit by design. In Section 9.1 below,
we document that the first stage F-statistic is very high. The exclusion restriction is that

E [εit |zit ,xit ] = E [εit |xit ] ,

which means that conditional on year and month dummies, age, gender, risk score, future price
in January, and expenditures in the previous 3 months, the simulated fraction of individuals
without cost-sharing is mean independent of εit . This restriction is likely to hold because of the
way we construct our instrument.25

This can be seen by re-visiting the three threats to identification we have discussed in Section
6.1: omitted variable bias, autocorrelation in error terms, and seasonal trends that differ between

25Strictly speaking, a possible violation of the exclusion restriction comes from the fact that when estimating the
empirical distribution function of monthly health care consumption, then we also use observations for individual
i. Formally, the instrument is therefore a function of the error terms of individual i. However, the impact thereof
will vanish in the limit, when the number of observations goes to infinity. We are not concerned about this because
of the large number of observations. On average, there are about 170,000 observations for each group in our
estimation sample and the smallest group has 44,388 observations. In principle, one could construct the instrument
at the individual level by estimating the empirical distribution function using data from all other individuals, but
this would substantially increase the computational burden (by a factor N, where N is the number of individuals).
We have experimented with this for a small number of individuals and have found that it did not noticeably affect
the estimates of the empirical distribution function. Therefore, we have not implemented this for the full sample.
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groups in the population. In contrast to individual prices pit , our instrumental variable zit only
varies at the group level. It is therefore unrelated to omitted variables capturing individual
differences within the group (recall that we control for differences across groups by controlling
for xit) and past values of the error term at the individual level.. Furthermore, by drawing from
the empirical distribution function that was estimated from the pooled data our instrumental
variables are unrelated to seasonal trends at the group level.

Throughout, reported standard errors are heteroskedasticity-robust and clustered at the level
of groups defined by the risk score decile, three age categories, gender, and year. In our defini-
tion of clusters we follow the level of variation in our instrumental variable.

The empirical approach we take in this paper is new in the context of studying the effects
of patient cost-sharing. It combines the idea of exploiting variation within years and across
groups, as suggested by Ellis et al. (2017), who use average prices for different health insurance
plans as instruments, with the idea of constructing an instrument by combining draws from an
empirical distribution function in combination with knowledge about variation in institutional
rules, which was used in other settings for example by Currie and Gruber (1996a,b) and Cutler
and Gruber (1996).

Our simulated instrumental variables approach can be seen as a generalization of a triple
differences-in-differences grouping estimator. The first difference is within groups and year and
across months; the second difference is across groups; and the third difference is across policy
regimes. For illustration, suppose that there are only two groups and two points in time within
the same year, and that for both groups the average price changes between the two points in
time, but by a different amount. Then the instrumental variable estimator relates the difference
in the change in spending between the two groups to the difference in the change in prices, also
controlling for seasonal variation common to the two groups. This is akin to a differences-in-
differences estimator within the year. The third difference comes from comparing estimates
of price effects for years when the no-claim refund was in place to estimates for years when a
deductible was in place.

7 Results

7.1 Main results

We now turn to our results. Our central hypothesis is that individuals are loss-averse and form
their reference point in a way so that they react more strongly to financial incentives when they
are framed in terms of losses. This means that we expect the coefficient on the current price
interacted with an indicator for the deductible regime to be more negative than the coefficient
on the current price interacted with an indicator for the no-claim regime.

Our main results are shown in Table 2. The dependent variable in column (1) is the log

21



Table 2: Main results

(1) (2)
expenditure has claim

(current price) x (noclaim regime) -0.169∗∗∗ -0.0484∗∗∗

(0.0486) (0.00924)

(current price) x (deductible regime) -0.387∗∗∗ -0.0735∗∗∗

(0.0245) (0.00482)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 8,771,940 8,771,940
number of clusters 468 468
p-value equality current price coefficient 0.0000 0.0053

Notes: Instrumental variables estimates. We use data at the monthly level. Ex-
penditures are measured as the log of one plus the actual amount. Standard errors
are clustered at the risk score decile-gender-age group-year level. * p < 0.10, **
p < 0.05, *** p < 0.01.

22



of expenditures plus one.26 Therefore, reported coefficients are (approximately) percentage
changes.27 We find the price effect to be a 16.9 percent decrease in expenditures under a no-
claim refund and a 38.7 percent decrease under a deductible. This implies that under a no-claim
refund individuals spend 16.9 percent less on health care in months before hitting the no-claim
refund limit than in months after hitting the no-claim refund limit. Correspondingly, under
a deductible individuals spend 38.7 percent less on health care in months before hitting the
deductible limit than in months after hitting the deductible limit. While these estimates might
seem large, our estimate for the effect of deductibles is similar and even somewhat smaller
compared to the one of Brot-Goldberg et al. (2017), who find a price effect of deductibles on
monthly health care expenditures of 42.2 percent for a sample of highly paid employees of a
large American firm.

The last row of the table shows the p-value for a test of the null hypothesis that the two
price effects are equal. This null hypothesis is rejected, in line with our main hypothesis that
individuals react stronger to prices under a deductible policy than under a no-claim refund
policy.

In column (2), the dependent variable is an indicator for having a claim. Hence, reported
coefficients show price effects at the extensive margin. The price effect is a 4.8 percentage point
decrease in the probability to have a claim in a given month under the no-claim regime and a
7.4 percentage point decrease under the deductible. The difference is statistically different from
zero at the 5 percent level.

7.2 Effect heterogeneity

Next, we characterize effect heterogeneity. We do so to investigate whether the average effects
we estimate are driven by particular groups or whether framing has an effect across all groups.
For this we leverage the fact that our sample is for a broad sample of the population and that we
observe background variables such as income in the neighborhood.

Our general approach to characterize effect heterogeneity is to split the sample.28 We start
with investigating whether price effects and the impact of framing differ by income. The price
effect could differ between income groups if for example individuals with lower income re-
act stronger to cost-sharing incentives than individuals with higher income, and the effect of
framing could differ between income groups if they use different reference points. We divide
individuals in 4 groups, according to the average income at the 6-digit neighborhood level,
where quartile 1 refers to the group with the lowest income. A 6-digit postal code has on av-

26In Table C.4 below we show that adding 10 or 0.1, respectively, leads to different point estimates but the same
qualitative findings.

27Recall that we use the log of expenditures plus 1 as the dependent variable. The exact percentage change
of the dependent variable associated with a coefficient of −0.169 on the current price in the no-claim regime is
e−0.169−1 =−0.155. In the following, we will abstract from such small differences.

28Here and in the following we present results for the effect on expenditures. Results for the extensive margin
(having at least one claim in a given month) are presented in Online Appendix C.
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Table 3: Results by income

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

(current price) x (noclaim regime) -0.109∗∗ -0.211∗∗∗ -0.215∗∗∗ -0.208∗∗∗

(0.0546) (0.0486) (0.0516) (0.0569)

(current price) x (deductible regime) -0.381∗∗∗ -0.381∗∗∗ -0.429∗∗∗ -0.405∗∗∗

(0.0276) (0.0275) (0.0302) (0.0333)

future price in January Yes Yes Yes Yes

log exp. previous 3 months plus 1 Yes Yes Yes Yes

5 year age brackets Yes Yes Yes Yes

dummies decile risk score Yes Yes Yes Yes

year dummies Yes Yes Yes Yes

month dummies Yes Yes Yes Yes

number of observations 2,052,060 2,206,692 2,083,392 2,084,640
number of clusters 467 468 468 468
p-value equality current price coefficient 0.0000 0.0001 0.0000 0.0003
average income 1,439 1,847 2,278 3,174

Notes: Instrumental variables estimates for different subsamples defined by income quartile at the 6-digit neigh-
borhood level. We use data at the monthly level. Expenditures are measured as the log of one plus the actual
amount. Standard errors are clustered at the risk score decile-gender-age group-year level. * p < 0.10, **
p < 0.05, *** p < 0.01.
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Table 4: Results by gender and age

(1) (2) (3) (4)
female male age 19-64 age 65+

(current price) x (noclaim regime) -0.234∗∗∗ -0.0335 -0.206∗∗∗ -0.129∗∗

(0.0521) (0.0549) (0.0524) (0.0520)

(current price) x (deductible regime) -0.456∗∗∗ -0.282∗∗∗ -0.303∗∗∗ -0.350∗∗∗

(0.0356) (0.0285) (0.0282) (0.0321)

future price in January Yes Yes Yes Yes

log exp. previous 3 months plus 1 Yes Yes Yes Yes

5 year age brackets Yes Yes Yes Yes

dummies decile risk score Yes Yes Yes Yes

year dummies Yes Yes Yes Yes

month dummies Yes Yes Yes Yes

number of observations 4,548,720 4,223,220 6,797,688 1,974,252
number of clusters 234 234 360 175
p-value equality current price coefficient 0.0000 0.0000 0.0575 0.0000

Notes: Instrumental variables estimates by age and gender, respectively. We use data at the monthly level.
Expenditures are measured as the log of one plus the actual amount. Standard errors are clustered at the risk
score decile-gender-age group-year level. * p < 0.10, ** p < 0.05, *** p < 0.01.

erage 37 residents (footnote 14). Table 3 shows that results for each of the income groups are
similar to the baseline results, and that there are no systematic differences across groups. The
last row of the table shows average income by group. We can conclude from this analysis that
individuals in poorer neighborhoods do not react more strongly to cost-sharing incentives than
individuals in richer neighborhoods. This finding is in line with evidence from the RAND health
insurance experiment, where the effect of deductibles on total health care expenditures did also
not significantly differ across income groups (Manning et al., 1987). Furthermore, within each
group the price effect is significantly stronger under a deductible scheme than under a no-claim
refund scheme. Also, the difference between the price effects under a deductible and a no-claim
refund is similar across income groups.

Table 4 shows results by age and gender. Individuals in all age and gender groups react
stronger to deductibles than to no-claim refunds. Moreover, price responses are similar for
persons above age 65 and for persons below age 65. This is an interesting result since many
previous studies on the effects of patient cost-sharing examine either the working age population
or people above age 65, e.g. Medicare beneficiaries. In the Netherlands, individuals buy the
same type of health insurance below and above age 65, and insurance coverage does not change
discontinuously at age 65, as it does for instance in the U.S. (Card et al., 2008). However,
we find differences in price effects on expenditures by gender. Women react stronger to cost-
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Table 5: Results by risk score

(1) (2)

low risk score
high risk

score
(current price) x (noclaim regime) -0.541∗∗∗ -0.111

(0.0879) (0.0708)

(current price) x (deductible regime) -0.569∗∗∗ -0.277∗∗∗

(0.0590) (0.0562)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 4,359,216 4,412,724
number of clusters 198 270
p-value equality current price coefficient 0.6282 0.0002

Notes: Instrumental variables estimates by risk score. We use data at the monthly level.
Expenditures are measured as the log of one plus the actual amount. Standard errors are
clustered at the risk score decile-gender-age group-year level. * p < 0.10, ** p < 0.05, ***
p < 0.01.

sharing incentives than men, both under a deductible and a no-claim refund.
Next, we split the sample by risk score. The idea behind this is that we expect individuals

with a higher risk score to react less strongly to price changes. About 80 percent of the indi-
viduals with an above-median risk score will exhaust the deductible or no-claim refund limit by
the end of the year, while this is the case for only about 20-30 percent of the individuals with a
below-median risk score. Therefore, one might expect below-median risk score individuals to
react more strongly to hitting the cost-sharing limit, as it is a priori less likely that they do (see
Section 3.1). Table 5 is in line with this prediction. We find that the price effect for individuals
with below-median risk scores is generally stronger than for individuals with above-median risk
scores.

7.3 The effect of framing on annual health care expenditures

Our main results so far are that no-claim refunds and deductibles reduce monthly health care
expenditures by 16.9 percent and 38.7 percent, respectively, in months in which patients are still
subject to cost-sharing. Yet, these numbers are not indicative for the effects of no-claim refunds
and deductibles on annual health care expenditures since cost-sharing incentives apply only for
months in which cost-sharing limits are not yet exceeded. In this section we aim to compute
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Figure 5: Effect of framing on yearly health care expenditures and out-of-pocket payments
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Notes: This figure shows, for each risk score decile, the simulated effect of framing cost-
sharing incentives as a deductible instead of a no-claim refund (dots). Numbers next to the
dots are the percentage changes. Absolute values are given on the right axis. The solid line
is the effect on out-of-pocket payments. The simulation is done for 2015.

the effect of no-claim refunds and deductibles on annual health care expenditures and on annual
out-of-pocket spending.

For this, we conduct a simulation study. In a first step, we calculate the residuals and
estimate their empirical distribution function. Then, we take our estimation equation and a
current price of 1 at the beginning of January as a starting point and simulate, for each individual
in our data set, health care expenditures in January by calculating the predicted mean of the
log of health care expenditures plus one, according to equation (1), and adding a draw from
the empirical distribution function of the residual. This is then transformed into actual health
care expenditures by applying the exponential function and subtracting 1. Next, we calculate
simulated prices for all individuals at the beginning of February, again predict the mean of the
log of health care spending plus one given those prices, and so on. We do so for 2015 and both
the case in which cost-sharing incentives are framed as a deductible, as it was the case in 2015,
and for the case in which cost-sharing incentives are framed as a no-claim refund. For the latter,
we use β no-claim refund instead of β deductible.

Figure 5 shows the result. On average, annual health care expenditures are 8.6 percent lower
when cost-sharing incentives are framed as a deductible than when they are framed as a no-claim
refund. In absolute terms, annual health care expenditures decrease more for higher risk score

27



deciles. In relative terms, annual care expenditures decrease more for lower risk-score deciles.
The underlying mechanism is that low risk-score individuals tend to exceed cost-sharing limits
later in the year or not at all, and they are thus subject to cost-sharing incentives for a longer
period than high risk-score individuals.

Turning to the effect of the framing of cost-sharing incentives on out-of-pocket spending,
we find that it follows a U-shaped pattern. The effect is lowest for individuals with a high risk
score. For individuals who exceed the cost-sharing limit under both cost-sharing schemes there
is no difference in out-of-pocket spending between the two schemes. The effect is also small
for individuals with the lowest risk-scores. These individuals have low health care expenditures
and low out-of-pocket spending under both schemes. The effect of framing on out-of-pocket
spending is largest for individuals in risk-score deciles 5 and 6.

Overall, it is striking that changing the framing of cost-sharing incentives leads to large ef-
fects on health care spending—a reduction of 207.97 euros per year on average—, while having
very modest effects—a reduction of 10.06 euros on average—on out-of-pocket expenditures.

8 Potential alternative mechanisms

In the previous section we have shown that individuals react more strongly to financial incen-
tives in years in which they are framed as a deductible than in years in which they are framed
as a no-claim refund. We have pointed out in Section 6.1 that this is a before-after design. In
order to interpret the difference between the two as the pure effect of framing we have to ex-
clude other potential explanations for stronger reactions to cost-sharing incentives in years in
which a deductible was in place. Therefore, we now discuss alternative mechanisms that can
potentially explain our findings. These are time discounting, liquidity constraints, differences
in information, and salience. The discussion will lead us to conclude that none of them is likely
to explain our findings, and therefore loss aversion is our preferred explanation.

8.1 Time discounting

Deductibles and no-claim refunds differ not only in the framing of cost-sharing incentives, but
also in the timing of payments. In general, deductibles have to be paid several weeks or months
after the treatment, whereas the no-claim refund is only paid out at the end of the first quarter
of the following year. This raises the question whether this difference in the timing of payments
could explain our results.

In this section, we present empirical evidence that strongly speaks against this alternative
explanation. In order to examine whether different responses can be explained by differences in
the timing of payments, we re-do our analysis and take the delay in payments into account. For
this, we assume a high, but still plausible annual discount rate of 10 percent, and we allow for
compounding within the year. We further assume a delay of 3.5 months under the deductible
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Table 6: Specification with discounted prices

(1) (2)
expenditure has claim

(discounted current price) x (deductible regime) -0.186∗∗∗ -0.0535∗∗∗

(0.0538) (0.0102)

(discounted current price) x (noclaim regime) -0.397∗∗∗ -0.0753∗∗∗

(0.0252) (0.00495)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 8,771,940 8,771,940
number of clusters 468 468
p-value equality current price coefficient 0.0000 0.0274

Notes: Instrumental variables estimates. We take the difference in timing into account by
using the discounted current price instead of the actual current price. We use an annual
discount rate of 10 percent. We use data at the monthly level. Expenditures are measured
as the log of one plus the actual amount. Standard errors are clustered at the risk score
decile-gender-age group-year level. * p < 0.10, ** p < 0.05, *** p < 0.01.

regime, corresponding to the deductible payment being due at the end of the third month after
the treatment. For the no-claim refund, we assume that the delay is 3.5 months in December,
4.5 months in November, and so on, because the no-claim refund is paid out at the end of the
first quarter in the following year. Making these assumptions allows us to re-compute current
prices and thus taking the difference in timing into account. In particular, we set the current
price to (1/(1+0.1))m/12 for payments m months in the future.

Results are presented in Table 6. They are very similar to our main results presented in Table
2. Thus, discounting payments at a 10 percent rate is not enough to explain our findings.

In addition, we use a stylized model to compute which discount rate would be high enough
to explain the difference in effects between deductibles and no-claim refunds that we find.
Online Appendix B contains details of our calculations. We find that the annual discount rate
would need to be higher than 400% to explain our results. We consider this discount rate to be
implausibly large.
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8.2 Liquidity constraints

One possible explanation for this very high discount rate could be liquidity constraints. How-
ever, in our context, we believe that for institutional reasons liquidity constraints are unlikely to
explain our results. The maximal amount an individual had to pay was 375 euros per year in
2015 (see Section 2), which is an amount that most Dutch persons can raise. In case this never-
theless proves difficult, individuals have the possibility to arrange payment in installments with
the health insurer. Moreover, as explained in Section 2.3, usually the payment is not immedi-
ately due at the time of treatment since the the treatment and the billing dates (to the insurance)
do not coincide. Figure C.1 in the Online Appendix shows that the average delay between the
treatment and billing date is about 60 days, and there will be an additional delay before the
insurance will send an invoice to the individual.

Evidence that liquidity constrains are unlikely to explain the different effect of deductibles
and no-claim refunds also comes from our analysis for different income groups at the 6-digit
postal code level. We would expect that liquidity constraints are more common for individuals
with lower incomes and therefore, if these were the main driver of our results, then we would
expect effects to be stronger for individuals with lower incomes. However, in Table 3 we do not
find that the price effects differ between income groups.

8.3 The role of information

Another possible explanation why individuals react stronger to deductibles than to no-claim
refunds is that they are better informed about economic incentives under a deductible policy
than under a no-claim refund policy. This can be the case if they are either better informed
about the policy rules or better informed about the price of care at a given point of time under
a deductible policy. Yet, as discussed in Section 2.4 knowledge about both no-claim refunds
and deductibles was almost universal in the Dutch population throughout our study period with
the exception of the year 2008 immediately after the introduction of the deductible. Also, the
way people were informed about whether they were above or below the cost sharing limit was
similar under the no-claim refund policy and the deductible policy.

8.4 Salience

A further possible explanation for different responses to no-claim refunds and deductibles could
be related to the salience of cost-sharing incentives. Salience can be defined as “the phe-
nomenon that when one’s attention is differentially directed to one portion of the environment
rather than to others, the information contained in that portion will receive disproportionate
weighting in subsequent judgements.” (Taylor and Thompson, 1982).

In the context of cost-sharing, Dalton et al. (ming) find that strong responses to spot prices,
as opposed to expected end-of-year prices, can be attributed to the greater salience of spot
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prices. In contrast, we compare the response to spot prices under a deductible policy to the
response to spot prices under a no-claim refund.

Our results could be explained by salience if more attention is drawn to cost-sharing incen-
tives under a deductible than under a no-claim refund. However, it is not clear why this should
be the case in the Dutch institutional setting. Neither the no-claim refund nor the deductible
result in immediate payments at the time of treatment. Also, the information individuals receive
about cost-sharing incentives is comparable between the two cost-sharing schemes (see Section
2.4). Deductibles could be said to be more salient than no-claim refunds if individuals pay more
attention to losses than to gains. But this would redefine the concept of loss aversion as a special
case of salience.

In summary, while we cannot completely rule out other mechanisms, we find that loss aver-
sion is the most convincing and plausible explanation for our results.

9 Validity of instruments and sensitivity analysis

In this section, we first assess whether the instruments we use are relevant. Then, we present
results from a placebo test in order to assess the credibility of our empirical approach. After this,
we present results for a number of robustness checks for alternative specifications of explanatory
variables and outcome variables, and we examine whether our results are sensitive to changes
in the sample composition and the basic health insurance plan over time. Here, we also ask
whether end-of-the-year effects could explain our results. All tables are presented in the Online
Appendix.

9.1 Instrument validity

One of the conditions for an instrument to be valid is that the instrument must be related to the
endogenous variable conditional on controls. Table C.2 shows that the simulated average price
at the group level is highly predictive of the individual price pit . The relevant F-statistics are
extremely high. They are 1,216 and 8,046, respectively.

Turning to the exclusion restriction, one way to assess the credibility of our empirical ap-
proach is to perform a placebo test. In the Netherlands children below the age of 18 are not
subject to patient cost-sharing. For this reason, our main analysis was conducted for a sample
of individuals at ages 19 and above.29 If we apply our empirical approach to a sample of indi-
viduals between ages 15 and 17, we should not find any effect. And indeed, Table C.3 shows
that price effects are not significantly different from zero for this group and also not significantly
different from one another. Thus, our empirical approach performs well in a setting where we
know that the true parameters are zero.

29We did not include 18 year old individuals because we only observe the birth year and not the month of birth.
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9.2 Sensitivity analysis

Next, we conducted a number of additional robustness checks. We first examine whether or
not our estimation results are sensitive to different specifications of the covariates in xit . These
results are shown in Table C.4. Recall that in our baseline specifications xit includes variables for
5 year age brackets, gender, year and month dummies, indicators for the decile of the risk score,
the future price in January, and the log of expenditure in the previous 3 months plus 1. In the
first column of Table C.4 we use a specification with a full set of risk score-year interactions and
a full set of year-month interactions. The results are similar to the baseline results presented in
Table 2, suggesting that a specification that is not fully-interacted in this way is general enough.
For the second column we include 6 lags of the log of the respective monthly expenditure
plus 1 instead of the log of the expenditure in the previous three months plus 1. Results are
qualitatively similar as well. In the last column, we use the baseline specification but do not
control for the expected price at the end of the year. This again leads to qualitatively similar
results, but now the magnitude of the estimated effects is higher. Thus, we find that our main
finding that the price effect is more negative under a deductible than under a no-claim refund is
robust to using different specifications of explanatory variables.

Next, we examine whether or not our estimation results are sensitive to the specification of
the outcome variable. Recall that up to now, we have used the log of expenditures plus 1. If
we instead use the log of expenditures plus 0.1 or plus 10, then coefficients will be rescaled.30

Table C.5 shows that indeed, adding 0.1 and 10 instead of 1 leads to different estimates—as
could be expected. But importantly, the main finding remains unchanged: the price effect is
more negative under a deductible than under a no-claim refund. Table C.5 also shows that
estimation results remain essentially unchanged when we change the definition of health care
expenditure and exclude expenditures on mental health care and geriatric care. These were
included in the basic health insurance plan only in later years.

Next, we investigate whether results are different for different definitions of our sample.
Results are shown in Table C.6. In column (1) we restrict the sample period to one year before
and after the change from a no-claim refund to a deductible, by using data for the years 2007
and 2009 only. We have excluded data from the year 2008, because in 2008 we would use
data from 2007 to construct control variables. By excluding data from 2008, we have a cleaner
separation between the period in which the no-claim refund was in place and the period in which
there was a deductible.31 Results are similar to our main results for all years. In column (2) we

30For a simple example suppose that there is a claim with probability 0.4 under no cost-sharing and that the
claim size is 50 conditional on there being a claim. Assume that the price effect of cost-sharing is a reduction in
the probability that there is a claim by 10 percentage points and a reduction in the claim size by 50 percent once
there is a claim. Then, the difference between the expected log of expenditure plus 1 under no cost-sharing and
the expected log of expenditure plus 1 under cost-sharing is −0.33. If we use respectively 0.1 and 10 instead of 1,
then we arrive at −0.42 and −0.23. This shows that the constant one adds will matter. The estimated effect will
tentatively be smaller in magnitude if we add a bigger number, at least in this example.

31Figure 3 above was for 2007 and 2008. Figure C.2 in the Online Appendix is for 2007 and 2009 and corre-
sponds more closely to the specification we use here.
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show results for a balanced sample of individuals who are in our sample in all years from 2006
until 2015. In this way, we assess whether our results are sensitive to changes in the sample
composition over time during our study period. Results for the balanced sample are similar to
the baseline results for the full sample.

Our final robustness check concerns the shifting of health care expenditures across years
(Cabral, 2016). For some types of health care, individuals can influence the timing of treat-
ment. For example, they can choose whether they will receive a cataract surgery now or some
months later. Individuals who have exceeded their cost-sharing limit in the current year have
an incentive to shift treatments from the next year to the current year, because at the start of
the new year patient cost-sharing limits will be reset. For those patients, the price of care in the
current year is zero, but the price of care at the beginning of the next year is one. To see whether
the shifting of care between years has an impact on our estimation results we estimate a model
that in addition to the other covariates also includes an interaction term between the price pit an
an indicator for the month of December. The results presented in the first column of Table C.7
show that this does not substantially change the coefficients for the price effects under the two
cost-sharing schemes. Interestingly, however, individuals do seem to be more sensitive to the
price of care in December than in other months, as one would expect. In the second column we
do not use data for December and find results that are very similar to the ones presented in the
first column and to our baseline estimates.

10 Conclusions

In this study we compare the effects of patient cost-sharing incentives on health care expendi-
tures under a deductible policy and a no-claim refund policy. We estimate that average annual
health care expenditures are about 8.6 percent lower under a deductible policy than under a no-
claims refund policy, as patients react more strongly to deductibles than to no-claim refunds.

Our preferred explanation for these results is that individuals are loss-averse and respond
differently to both schemes since they perceive a deductible payment as a loss and a no-claim
refund as a gain. We also discuss alternative explanations such as the different timing of pay-
ments under deductibles and no-claim refunds, liquidity constraints, the role of information and
salience. Based on additional empirical evidence and in light of the institutional details we
conclude that these alternative explanations are unlikely to explain our findings.

Our finding that the framing of incentives can have a large and economically important effect
on health care expenditures is directly relevant for designing patient cost-sharing schemes. For
example, some Dutch health insurers have recently started to offer insurance contracts that allow
insurees to pre-pay their deductibles in monthly installments. For these contracts, individuals
receive a refund at the end of the year if they have not exceeded their deductible limit, effectively
turning the deductible into a no-claim refund. Within a short period around 800,000 insurees
have signed up for this scheme. If patients who pay their deductible in monthly installments
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behave similar to patients under a no-claim refund then our simulation results predict that total
annual health care expenditures are around 8.6 percent higher than under a standard deductible.
In their calculation of insurance premiums Dutch health insurers do not take this behavioral
effect into account. Thus, offering the seemingly innocent option to pre-pay deductibles in
monthly installments might cause substantial losses for insurers and lead to an increase in health
care costs.

More generally, our results imply that discussions on the optimal design of cost-sharing
incentives should not only be centered on coinsurance rates and cost-sharing limits, but they
should also revolve around the question how these are presented to patients.
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Online Appendix

This Online Appendix contains additional details on the data, the derivation of the implied
discount rate, and additional tables and figures.



A Additional details on the data

A.1 Services that are subject to cost-sharing

Constructing our main independent variables and the price requires that we know which services
are subject to cost-sharing, as some services are exempted from cost-sharing. Such a list was
not available to us. We therefore proxied for this using data on actual deductible payments made
and information on the overarching care types that are exempt from the deductible, as specified
by law. The types of care that are exempted include obstetric and maternal care, care generally
provided by General Practitioners (GPs) and participation under a chronic care program.

Specifically, our approach for determining coverage consisted of the following steps (in
chronological order):

1. Every specialist service was defined as counting towards the deductible;

2. Services provided by registered obstetricians were defined as not counting towards the
deductible;

3. Specialist services were not defined as counting towards the deductible when they were
received only by women (90%, to account for administrative errors) and,

(a) for which in fewer than 1% of the claims a deductible payment was requested, for
services that we observed over a 1000 times in the data or

(b) for which in fewer than 10% of the claims a deductible payment was requested for
services that observed less than a 100 times in the data;

4. For any remaining services, we determined coverage along the lines of 3(a) and 3(b). That
is, we let coverage fully depend on the percentage of claims in which actual deductible
payments were made;

5. Coverage under the no-claim regime was deduced from 2008 deductible data.

Using the percentage cut-off points in 3(a) and 3(b), we take account of administrative errors.
We used a more conservative cut-off points for services that were billed less frequently.

A.2 Risk scores

To calculate the risk score, we regress total health care costs for a given year on a gender
dummy, fully interacted with a third order polynomial in age, indicators for the decile of costs
in the previous year, indicators for chronic conditions, indicators for characteristics at the 6-
digit neighborhood level. For the latter we conduct a median split for income, the fraction non-
western immigrants, and the CBS socioeconomic status score, respectively. We also include
dummies for missing characteristics at the neighborhood level. Finally, we obtain fitted value
and divide them by the average. Figure C.4 shows the risk score deciles.
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B Implied discount rate

In our empirical analysis, we have obtained estimates of price effects, separately for the no-
claim and deductible regime. Our interpretation of the difference between the estimated effects
is that the difference arises due to framing. In principle, an alternative explanation is that in-
dividuals react stronger to deductibles because then they have to pay earlier, as the no-claim
refund is only paid out at the beginning of the following year. Here, we conduct a simple back-
of-the envelope calculation with the goal to determine what the individual discount factor must
be in order to generate this effect. We find that it would have to be unreasonable low in order to
generate this effect, supporting the interpretation of the effects as being due to framing.

For this, we use a framework with a quadratic utility function as in Einav et al. (2013).
Denote health care needs in month t by λt , health care consumption by mt , income by yt , and
the implications of cost-sharing by δ τ pt . δ is the monthly discount factor so that δ τ is the
discount factor associated with payments τ months later, when the “current price” is pt . The
flow utility in period t depends on health care consumption,

u(mt) = (mt−λt)−
1

2ω
(mt−λ )2 + y−δ

τ ptmt .

Differentiating with respect to mt allows us to solve for the optimal consumption in t,

m∗t (pt) = λt +ω(1−δ
τ pt).

When individuals have to fully and immediately pay out-of-pocket, we have δ τ pt = 1. Then,
optimal health care consumption is equal to health care needs. In contrast, after hitting the cost-
sharing limit, δ τ pt = 0 so that health care consumption is equal to health care needs plus ω .
For that reason, ω can be interpreted as ex post moral hazard.

The effects reported in this paper are percentage changes in health care consumption, where
the base is consumption when the current price is equal to zero. In terms of this model, this is

m∗t (1)−m∗t (0)
m∗t (0)

=
−δ τω

λt +ω
.

Different regimes have different discount factors because they have different delays for the
payments. For a rough approximation we assume that the average treatment date is after the
first half of the year, payment under the deductible regime occurs on average three months later,
and payment under the payback rebate occurs at the end of the first quarter of the following
year. This means that the difference in timing is 6 months on average.

Assuming that health care needs and moral hazard effects stay the same, the ratio of coeffi-
cients obtained in the main analysis is

−0.169
−0.387

=
δ 9

δ 3 ,
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so that the yearly discount factor would have to be

δ
12 = 0.191.

This corresponds to the arguably unrealistically high discount rate of

1
0.191

−1 = 424%.

C Additional Tables and Figures

This appendix contains additional tables and figures. We refer to most of them in the main text.
Table C.1 provides additional information on care consumption and the fraction of individ-

uals reaching the cost-sharing limit per year.
Tables C.2 through C.7 are referred to and discussed in Section 9.
Throughout, we focus on the question how the effects of cost-sharing on total expenditures

are influenced by framing. Tables C.8 through C.13 contain results for having a claim in a given
month as dependent variable.

Figure C.1 shows the delay between treatment and billing date.
Figure C.2 resembles Figure 3, but is for the years 2007 and 2009, instead of 2007 and 2008.
Figure C.3 shows how care consumption evolves within the years.
Figure C.4 shows risk score deciles.
Figure C.5 shows how the average price of care evolves over the course of the year for

the years in our study period. The horizontal axis shows months of the year. The vertical
axis shows the fraction of individuals whose care consumption was still below the cost-sharing
limits at the beginning of the month. These are the individuals for whom the price of care is one.
By construction, the average price of care is monotonically decreasing over the course of the
year. Level differences between curves are driven by a combination of differences in medical
spending across years and differences in no-claim refund limits and deductible limits across
years. One can see that by the end of each year about half of the individuals have exhausted the
respective cost-sharing limit.

Figure C.6 shows the fraction of individuals that is below the cost-sharing limit in a given
month, by risk score quartile and pooled across years.

Figure C.7 shows that the instrument varies both within and across years for a given month
and a given risk score quartile.
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Table C.1: Summary statistics over time

mean

care consumption

2006 1295.92

2007 1478.37

2008 1901.19

2009 2071.94

2010 2144.54

2011 2320.20

2012 2244.82

2013 2505.05

2014 2650.63

2015 2772.96

hit cost-sharing limit

2006 0.50

2007 0.54

2008 0.63

2009 0.64

2010 0.65

2011 0.65

2012 0.62

2013 0.57

2014 0.56

2015 0.56

number individuals 35,694

Notes: This table shows summary statistics for all individuals who were in the
sample in January 2006. Care consumption is the consumption of care that falls
under the no-claim refund policy or the deductible. Hit deductible is one for a
person in a given year if that person exceeded the deductible or the payback limit
in a given year.
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Table C.2: First stage

(1) (2)
current price

no claim
current price
deductible

simulated fraction group not hit
interacted with noclaim regime 0.874∗∗∗ -0.0253∗∗

(0.0179) (0.0102)

interacted with deductible regime -0.00274 0.860∗∗∗

(0.00252) (0.00947)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 8,771,940 8,771,940
number of clusters 468 468
F-statistic excluded instruments 1215.93 8046.24

Notes: First stage estimates. We use data at the monthly level. The dependent vari-
able in the first column is the individual price interacted with an indicator for the no
claim regime, and the dependent variable in the second column is the individual price
interacted with an indicator for the deductible regime. Standard errors are clustered
at the risk score decile-gender-age group-year level. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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Table C.3: Placebo test: no effect for individuals age 15-17

(1) (2)
expenditure has claim

(current price) x (noclaim regime) 0.117 -0.0294
(0.141) (0.0560)

(current price) x (deductible regime) 0.113 0.0180
(0.0780) (0.0245)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 359,724 359,724
number of clusters 126 126
p-value equality current price coefficient 0.9741 0.3620

Notes: Instrumental variables estimates for individuals who are between 15 and
17 years old. We compute risk scores and instruments separately for this group.
We use data at the monthly level. Expenditures are measured as the log of one
plus the actual amount. Standard errors are clustered at the risk score-year level. *
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.4: Alternative specifications explanatory variables

(1) (2) (3)

flexible form
distributed

lag
no future

price

(current price) x (noclaim regime) -0.188∗∗ -0.198∗∗∗ -0.563∗∗∗

(0.0799) (0.0265) (0.0660)

(current price) x (deductible regime) -0.407∗∗∗ -0.311∗∗∗ -0.726∗∗∗

(0.0242) (0.0204) (0.0380)

future price in January Yes Yes No

log exp. previous 3 months plus 1 Yes No Yes

5 year age brackets Yes Yes Yes

dummies decile risk score No Yes Yes

year dummies No Yes Yes

month dummies No Yes Yes

6 distributed lags log expenditure No Yes No

risk score-year dummies Yes No No

year-month dummies Yes No No

number of observations 8,771,940 8,771,940 8,771,940
number of clusters 468 468 468
p-value equality current price coefficient 0.0128 0.0000 0.0056

Notes: Instrumental variables estimates. This table shows results using alternative specifications of the ex-
planatory variables. In the first column we use a more flexible specification with risk score-year dummies and
year-month dummies. The next column uses a distributed lag structure instead of the log of the expenditure
in the previous 3 months. In the last column we do not condition on the future price in January. We use data
at the monthly level. Expenditures are measured as the log of one plus the actual amount. Standard errors are
clustered at the risk score decile-gender-age group-year level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.5: Alternative specifications outcome variable

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

log(exp.+0.1) log(exp.+10)

log(exp.)
without

mental and
geriatric care

has claim
without

mental and
geriatric care

log(exp.) at
median price

(current price) x (noclaim regime) -0.280∗∗∗ -0.0575∗ -0.219∗∗∗ -0.0501∗∗∗ -0.182∗∗∗

(0.0679) (0.0307) (0.0520) (0.00944) (0.0527)

(current price) x (deductible regime) -0.556∗∗∗ -0.221∗∗∗ -0.416∗∗∗ -0.0758∗∗∗ -0.460∗∗∗

(0.0343) (0.0159) (0.0259) (0.00495) (0.0263)

future price in January Yes Yes Yes Yes Yes

log exp. previous 3 months plus 1 Yes Yes Yes Yes Yes

5 year age brackets Yes Yes Yes Yes Yes

dummies decile risk score Yes Yes Yes Yes Yes

year dummies Yes Yes Yes Yes Yes

month dummies Yes Yes Yes Yes Yes

number of observations 8,771,940 8,771,940 8,771,940 8,771,940 8,771,940
number of clusters 468 468 468 468 468
p-value equality current price coefficient 0.0000 0.0000 0.0001 0.0050 0.0000

Notes: Instrumental variables estimates. We use data at the monthly level. Standard errors are clustered at the risk score decile-gender-age group-year level. * p < 0.10,
** p < 0.05, *** p < 0.01.
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Table C.6: Alternative samples

(1) (2)
only 2007
and 2009

balanced
sample

(current price) x (noclaim regime) -0.281∗∗∗ -0.0734
(0.0577) (0.0466)

(current price) x (deductible regime) -0.406∗∗∗ -0.360∗∗∗

(0.0531) (0.0230)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 1,787,376 3,854,952
number of clusters 104 468
p-value equality current price coefficient 0.0412 0.0000

Notes: Instrumental variables estimates. We use data at the monthly level. Expenditures are
measured as the log of one plus the actual amount. Standard errors are clustered at the risk
score decile-gender-age group-year level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.7: End-of-the-year effects

(1) (2)
December
interaction

drop
December

(current price) x (noclaim regime) -0.160∗∗∗ -0.172∗∗∗

(0.0490) (0.0512)

(current price) x (deductible regime) -0.378∗∗∗ -0.374∗∗∗

(0.0250) (0.0252)

(current price) x (December) -0.0786∗∗∗

(0.0158)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 8,771,940 8,040,945
number of clusters 468 468
p-value equality current price coefficient 0.0000 0.0000

Notes: Instrumental variables estimates. We use data at the monthly level. Expenditures are
measured as the log of one plus the actual amount. Standard errors are clustered at the risk
score decile-gender-age group-year level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.8: Results for has claim by income

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

(current price) x (noclaim regime) -0.0426∗∗∗ -0.0551∗∗∗ -0.0571∗∗∗ -0.0494∗∗∗

(0.0102) (0.00992) (0.0109) (0.0119)

(current price) x (deductible regime) -0.0676∗∗∗ -0.0763∗∗∗ -0.0866∗∗∗ -0.0836∗∗∗

(0.00574) (0.00576) (0.00625) (0.00657)

future price in January Yes Yes Yes Yes

log exp. previous 3 months plus 1 Yes Yes Yes Yes

5 year age brackets Yes Yes Yes Yes

dummies decile risk score Yes Yes Yes Yes

year dummies Yes Yes Yes Yes

month dummies Yes Yes Yes Yes

number of observations 2,052,060 2,206,692 2,083,392 2,084,640
number of clusters 467 468 468 468
p-value equality current price coefficient 0.0131 0.0234 0.0046 0.0026
average income 1,439 1,847 2,278 3,174

Notes: Instrumental variables estimates for different subsamples defined by income quartile at the 6-digit neigh-
borhood level. We use data at the monthly level. Standard errors are clustered at the risk score decile-gender-age
group-year level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.9: Results for has claim by gender and age

(1) (2) (3) (4)
female male age 19-64 age 65+

(current price) x (noclaim regime) -0.0479∗∗∗ -0.0206∗∗ -0.0536∗∗∗ -0.0462∗∗∗

(0.00937) (0.00963) (0.0112) (0.0114)

(current price) x (deductible regime) -0.0663∗∗∗ -0.0540∗∗∗ -0.0715∗∗∗ -0.0538∗∗∗

(0.00668) (0.00475) (0.00591) (0.00626)

future price in January Yes Yes Yes Yes

log exp. previous 3 months plus 1 Yes Yes Yes Yes

5 year age brackets Yes Yes Yes Yes

dummies decile risk score Yes Yes Yes Yes

year dummies Yes Yes Yes Yes

month dummies Yes Yes Yes Yes

number of observations 4,548,720 4,223,220 6,797,688 1,974,252
number of clusters 234 234 360 175
p-value equality current price coefficient 0.0202 0.0003 0.0943 0.4910

Notes: Instrumental variables estimates by age and gender, respectively. We use data at the monthly level.
Standard errors are clustered at the risk score decile-gender-age group-year level. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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Table C.10: Results for has claim by risk score

(1) (2)

low risk score
high risk

score
(current price) x (noclaim regime) -0.183∗∗∗ -0.0362∗∗∗

(0.0290) (0.0137)

(current price) x (deductible regime) -0.159∗∗∗ -0.0564∗∗∗

(0.0183) (0.0115)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 4,359,216 4,412,724
number of clusters 198 270
p-value equality current price coefficient 0.2118 0.0262

Notes: Instrumental variables estimates by risk score. We use data at the monthly level.
Standard errors are clustered at the risk score decile-gender-age group-year level. * p <
0.10, ** p < 0.05, *** p < 0.01.
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Table C.11: Results for has claim and alternative specifications explanatory variables

(1) (2) (3)

flexible form
distributed

lag
no future

price

(current price) x (noclaim regime) -0.0490∗∗∗ -0.0520∗∗∗ -0.146∗∗∗

(0.0132) (0.00693) (0.0148)

(current price) x (deductible regime) -0.0789∗∗∗ -0.0577∗∗∗ -0.157∗∗∗

(0.00471) (0.00460) (0.00871)

future price in January Yes Yes No

log exp. previous 3 months plus 1 Yes No Yes

5 year age brackets Yes Yes Yes

dummies decile risk score No Yes Yes

year dummies No Yes Yes

month dummies No Yes Yes

6 distributed lags log expenditure No Yes No

risk score-year dummies Yes No No

year-month dummies Yes No No

number of observations 8,771,940 8,771,940 8,771,940
number of clusters 468 468 468
p-value equality current price coefficient 0.0375 0.3624 0.3910

Notes: Instrumental variables estimates. This table shows results using alternative specifications of the ex-
planatory variables. In the first column we use a more flexible specification with risk score-year dummies and
year-month dummies. The next column uses a distributed lag structure instead of the log of the expenditure in
the previous 3 months. In the last column we do not condition on the future price in January. We use data at the
monthly level. Standard errors are clustered at the risk score decile-gender-age group-year level. * p < 0.10,
** p < 0.05, *** p < 0.01.
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Table C.12: Results for has claim and additional robustness checks

(1) (2)
only 2007
and 2009

balanced
sample

(current price) x (noclaim regime) -0.0597∗∗∗ -0.0386∗∗∗

(0.0107) (0.00910)

(current price) x (deductible regime) -0.0875∗∗∗ -0.0691∗∗∗

(0.0102) (0.00461)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 1,787,376 3,854,952
number of clusters 104 468
p-value equality current price coefficient 0.0076 0.0006

Notes: Instrumental variables estimates. We use data at the monthly level. Standard errors
are clustered at the risk score decile-gender-age group-year level. * p < 0.10, ** p < 0.05,
*** p < 0.01.
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Table C.13: End-of-the-year effects for has claim

(1) (2)
December
interaction

drop
December

(current price) x (noclaim regime) -0.0467∗∗∗ -0.0459∗∗∗

(0.00929) (0.00967)

(current price) x (deductible regime) -0.0718∗∗∗ -0.0685∗∗∗

(0.00485) (0.00473)

(current price) x (December) -0.0144∗∗∗

(0.00262)

future price in January Yes Yes

log exp. previous 3 months plus 1 Yes Yes

5 year age brackets Yes Yes

dummies decile risk score Yes Yes

year dummies Yes Yes

month dummies Yes Yes

number of observations 8,771,940 8,040,945
number of clusters 468 468
p-value equality current price coefficient 0.0054 0.0179

Notes: Instrumental variables estimates. We use data at the monthly level. Standard errors
are clustered at the risk score decile-gender-age group-year level. * p < 0.10, ** p < 0.05,
*** p < 0.01.
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Figure C.1: Average delay between treatment and billing date
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Notes: This figure shows how the average delay between treatment and billing date changed
over time. Shown by size of the claim. Calculated using all claims in our data.
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Figure C.2: Care consumption around week in which cost-sharing ends
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Notes: This figure shows average health care expenditures in weeks before and after exceed-
ing the no-claim refund limit or the deductible in 2007 and 2009, respectively. Cost-sharing
incentives were framed as a no-claim refund in 2007 and as a deductible in 2009. Figure 3
in the main text is for 2007 and 2008.
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Figure C.3: Care consumption over time
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Notes: This figure shows care consumption, by month and for all years between 2006 and
2015. Calculated for the full unbalanced panel.
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Figure C.4: Risk score deciles
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Notes: This figure shows risk score deciles. See Appendix A.2 for details on how the risk
score was calculated.

Online Appendix 20



Figure C.5: Fraction of individuals below deductible or no-claim refund limit
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Notes: This figure shows the fraction of individuals who have not hit the deductible or the
no-claim refund limit, by month and for all years between 2006 and 2015. Calculated for
the full unbalanced panel. The cost-sharing limits were 255, 255, 150, 155, 165, 170, 220,
350, 360, and 375 euros.
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Figure C.6: Fraction of individuals below deductible by risk score

0
20

40
60

80
10

0
fra

ct
io

n 
of

 in
di

vi
du

al
s

1 2 3 4 5 6 7 8 9 10 11 12
month

risk score:
1st quartile

2nd quartile

3rd quartile

4th quartile

Notes: This figure shows the fraction of individuals who have not hit the deductible, by
month and by quartile of the risk score, pooled over the years. Figure C.5 shows the fractions
by year.
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Figure C.7: Variation in instrument
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Notes: This figure shows the simulated fractions of individuals by month, for selected risk
score deciles and years. The dashed lines are, from left to right, for the 10th, 7th, 5th, and
1st risk score decile in 2007, respectively. The respective solid line to the left of the dashed
line is for the same decile and year 2008, and the respective solid line to the right of the
dashed line is for the same decile and year 2015.
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