
Social Science & Medicine 340 (2024) 116488

Available online 4 December 2023
0277-9536/© 2023 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Policy implications of heterogeneous demand reactions to changes in 
cost-sharing: Patient-level evidence from Austria 

Michael Berger a,b,*, Eva Six c, Thomas Czypionka b,d,** 

a Department of Health Economics, Center for Public Health, Medical University of Vienna, Kinderspitalgasse 15/1, 1090, Vienna, Austria 
b Institute for Advanced Studies, Josefstädterstraße 39, 1080, Vienna, Austria 
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A B S T R A C T   

Cost-sharing is a prominent tool in many healthcare systems, both for raising revenue and steering patient 
behaviour. Although the effect of cost-sharing on demand for healthcare services has been heavily studied in the 
literature, researchers often apply a macro-perspective to these issues, opening the door for policy makers to the 
fallacy of assuming uniform demand reactions across a spectrum of different forms of treatments and diagnostic 
procedures. We use a simple classification system to categorize 11 such healthcare services along the dimensions 
of urgency and price to estimate patients’ (anticipatory) demand reactions to a reduction in the co-insurance rate 
by a sickness fund in the Austrian social health insurance system. We use a two-stage study design combining 
matching and two-way fixed effects difference-in-differences estimation. Our results highlight how an overall 
joint estimate of an average increase in healthcare service utilization (0.8%) across all healthcare services can be 
driven by healthcare services that are deferrable (+1%), comparatively costly (+1.4%) or both (+1.6%) and for 
which patients also postponed their consumption until after the cost-sharing reduction. In contrast, we do not 
find a clear demand reaction for inexpensive or urgent services. The detailed analysis of the demand reaction for 
each individual healthcare service further illustrates their heterogeneity. We show that even comparatively 
minor changes to the costs borne by patients may already evoke tangible (anticipatory) demand reactions. Our 
findings help policy makers better understand the implications of heterogeneous demand reactions across 
healthcare services for using cost-sharing as a policy tool.   

1. Introduction 

Cost-sharing schemes are a common pillar in the financing of 
healthcare systems, in which they often fulfil a dual role. Decision 
makers frequently use them as a tool to alleviate the pressure on public 
healthcare budgets. Apart from generating revenue directly, cost- 
sharing is also a means to influence and steer the behaviour of pa-
tients to control demand for healthcare services and thereby deal with 
the problem of moral hazard (Robinson, 2002). For instance, in 
healthcare systems with comprehensive coverage through public 
schemes, patients are seldom aware of the true costs of healthcare ser-
vices. Cost-sharing schemes can be a way of making patients internalize 
part of these costs. As the user charges levied from patients are essen-
tially payments charged by providers at the point of delivery, they are a 

form of consumer price (Schokkaert and Van de Voorde, 2011). It is 
therefore imperative for policy makers to have a thorough understand-
ing of the mechanisms behind the effects of cost-sharing. 

Although the effects of cost-sharing in the form of user charges – both 
desired and undesired – are well-documented and extensively discussed 
in the literature (Barnieh et al., 2014; Kiil and Houlberg, 2014), re-
searchers tend to approach the issue with aggregated measures. Early 
seminal contributions to the empirical investigation of the impact of 
cost-sharing on healthcare utilization include the work resulting from 
the RAND Health Insurance experiment (Manning et al., 1987; New-
house et al., 1981). The results showed how rising levels of cost-sharing 
reduce the probability of healthcare utilization – with the greatest 
impact on low-income groups. More recent contributions still tend to 
take a bird’s-eye perspective and investigate the effect of a (large-scale) 
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introduction of user charges on healthcare services and do not differ-
entiate between specific types of services, that is, diagnostics procedures 
and treatments (Jakobsson and Svensson, 2016a, 2016b; Schreyögg and 
Grabka, 2010; Van de Voorde et al., 2001). Other contributions try to 
move in closer, yet remain at a distance by picking arguably large fields 
of investigation. For instance, a considerable share of the current liter-
ature has been devoted to analysing the effects of cost-sharing compo-
nents on prescription pharmaceuticals (García-Gómez et al., 2018; 
Gibson et al., 2005; Goldman et al., 2007). Other studies focus on spe-
cific medical specialities like mental health (Lambregts and van Vliet, 
2018; Ndumele and Trivedi, 2011), or healthcare sectors like emergency 
care (Hsu et al., 2006; Mortensen, 2010; Sabik and Gandhi, 2016; Sid-
diqui et al., 2015), primary care (Johansson et al., 2019; Maynou et al., 
2019) or outpatient care in general (Lee et al., 2017; Schellhorn, 2001), 
or span several healthcare service categories that correspond to different 
healthcare sectors (Ellis et al., 2017). 

None of these studies differentiate between the precise types of ser-
vices at the level of diagnostic procedures or treatments that are deliv-
ered. There is hence still a knowledge gap regarding the effect of changes 
in user charges on the demand for specific healthcare services, diag-
nostic procedures or treatments. To the best of our knowledge, the work 
related closest to the present study is the empirical investigation by 
Duarte (2012) on healthcare service specific price elasticities in the 
Chilean private insurance market, showing that consumers are more 
sensitive in their demand for elective procedures than for acute care. We 
draw from this previous evidence that where a specific healthcare ser-
vice is located on the dimensions of price and urgency determines the 
elasticity of demand to consumer prices, i.e., user charges. In contrast to 
the acute/elective dichotomy used by Duarte (2012), we use the more 
broadly defined concept of urgency, which means that although some 
measures do not have to be taken immediately, the patient is unwilling 
to postpone them for long. By using the term urgency, we maintain 
higher flexibility by avoiding a strictly dichotomous interpretation. 

The aim of this article is to present empirical evidence that demand 
reactions of specific diagnostic procedures and treatments (henceforth 
for simplicity referred to as healthcare services) to changes to a cost- 
sharing regime can be intuitively understood through the dimensions 
of costs and urgency. This can help policy makers to better gauge the 
impact of changes to a cost-sharing regime with respect to its efficacy in 
steering patient behaviour and raising revenue. Our empirical analysis 
investigates the demand reactions across a set of 11 healthcare services 
to a cost-sharing reduction by an Austrian sickness fund from 20% to 
10% in 2016. We find that healthcare service utilization of its patients 
increased on average by 0.8% across all healthcare services. However, 
differentiating between cost and urgency categories demonstrates that 
the increase in healthcare demand is largely driven by services that are 
high cost (+1.4%), deferrable (+1%), or both (+1.6%). We further find 
that patients postponed their utilization of expensive and deferrable 
healthcare services until after the cost-sharing reduction. In contrast, for 
low cost and urgent healthcare services, we do not find a statistically 
significant demand reaction. The analyses of individual healthcare ser-
vices further explores the heterogeneity between healthcare services in 
the dependency of their demand on price. We thereby add to the existing 
literature by providing insights for policy makers regarding the dual role 
of user charges as a steering and a financing tool as well as additional 
empirical evidence on the price elasticity of specific diagnostic pro-
cedures and treatments. When policy makers plan to introduce, abolish 
or alter the level of cost-sharing schemes, it is important to base the 
decision on precise estimates of the consequences with respect to the 
efficacy as tool for steering patients along a best-practice path and as a 
tool for raising revenue. 

1.1. Cost-sharing in the Austrian social health insurance system 

The empirical evidence for our study comes from Austria. The Aus-
trian healthcare system is of the Bismarckian type, with multiple 

sickness funds and near universal coverage. Insurees cannot freely 
choose among the different sickness funds, as assignment is determined 
by type and area of employment. Some sickness funds operate nation-
wide, while others operate exclusively within one of the nine federal 
states. For a detailed description of the fragmented organisation of the 
Austrian healthcare system, we refer interested readers to the latest 
Healthcare Systems in Transition article on Austria (Bachner et al., 
2018). 

Like all European countries with a healthcare system primarily 
financed by social health insurance (SHI) contributions, Austria applies 
cost-sharing schemes. Compared to the other SHI-financed EU member 
countries, Austria has a relatively high share of direct out-of-pocket 
payments by patients (OECD Statistics, 2018), although these OECD 
numbers also include payments outside the publicly funded healthcare 
system. Cost-sharing in Austria comes in various forms depending on the 
respective healthcare setting. All sickness funds demand co-payments 
for specific items such as pharmaceuticals or medical devices. While 
user charges for inpatient care are levied in the form of per diems and 
vary by federal state (between €12 and €19 per day in 2018, depending 
on the hospital and for a maximum of 28 days per year), cost-sharing for 
retail pharmaceuticals is a nationwide lump-sum co-payment (€6 in 
2018) for each package in a prescription filled at a pharmacy. 

Most importantly for the context of this study, cost-sharing in the 
outpatient sector is not uniform across sickness funds. Several sickness 
funds make use of their autonomy in requiring some form of cost-sharing 
from their insurees (Czypionka et al., 2019; Mossialos et al., 2017). 
Relevant for the present study are the sickness fund for public employees 
(Versicherungsanstalt öffentlich Bediensteter) which levies a co-insurance 
where patients are charged a fixed percentage of the costs for most 
outpatient healthcare services and the regional sickness funds (Gebiet-
skrankenkassen) that cover nearly all private sector employees and do 
not apply outpatient cost-sharing. With the beginning of the second 
quarter of 2016, the nationwide sickness fund for public employees 
halved the general co-insurance rate from 20% to 10%, which provides 
the setting for our quasi-experimental study design. 

Patients of the sickness fund for public employees receive a summary 
bill from the sickness fund at most once per month. Minor healthcare 
services (e.g., cerumen removal) are not billed directly as individual 
items. Rather, patients are billed with a lump-sum payment for each visit 
to a physician’s office. Additionally, each ‘first visit to the practice’ 
within a month has a slightly higher fee. Co-insurance also applies in 
cases where there is no physician contact as long as it is an extra item 
reimbursable by the sickness fund, e.g., when renewing a prescription 
without a visit. Relevant to the context of our study, only diagnostic 
imaging, laboratory testing, and electrocardiographic and ergometric 
tests in outpatient settings show up directly on the patients’ bills from 
the sickness funds. 

An important aspect of this cost-sharing regime is that it does not 
affect physician reimbursement as such, thereby ruling out any effects 
through incentives for supplier-induced demand. In practice, the cost- 
sharing for most individual outpatient health care services is not too 
financially challenging for patients but can accumulate for patients with 
a higher disease burden. Exceptions from this cost-sharing for outpatient 
healthcare services are in place to protect vulnerable socioeconomic 
groups. Patients are exempt from the co-insurance if they are also 
exempt from the co-payment on prescriptions, which is waived for 
people under a certain income threshold (depending on the number of 
persons in the household and the presence of conditions that required 
elevated levels of medication). The co-payment for prescription phar-
maceuticals is also waived if the staggered co-payments exceed 2% of 
the patient’s annual net income or in case of certain infectious diseases. 
However, this does not affect the co-insurance component and is 
therefore not of direct relevance for our study. Lastly, outpatient 
healthcare services of children and minors insured with their parents are 
also exempt from the co-insurance. 
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2. Data 

We utilise pseudonymised longitudinal patient-level routine data on 
healthcare service utilization provided by the Main Association of Social 
Security Institutions in Austria from the beginning of the second quarter 
of 2015 (Q2-2015) to the end of the second quarter of 2017 (Q2-2017). 
The dataset covers a total of 961,851 eligible patients with 2,264,052 
healthcare service contacts. Children and minors insured with their 
parents are exempt from co-insurance in the intervention group. As the 
dataset does not include information on the insurance status of the pa-
tients, we removed patients aged 14 years or younger, as apprentice-
ships are possible from this age onwards in Austria and patients above 
that age could be insured directly. However, insurance coverage through 
parents is in practice possible up until the age of 27 years. As the service 
catalogues of reimbursed healthcare services differ between sickness 
funds, our data provider limited the dataset to three sickness funds to 
have as many comparable – in the sense of having the same definition 
and scope for reimbursement purposes across the sickness funds – 
healthcare services in the analysis as possible. In total, our data provider 
was able to identify 11 such comparable healthcare services suitable for 
our study design. The dataset contains all patients insured with the 
regional sickness funds of Salzburg and Upper Austria, and the nation-
wide sickness fund for civil servants. As the intervention group consists 
of patients of a nationwide sickness fund, the control group was chosen 
such that the two regional funds cover a patient population with similar 
characteristics the other regional sickness funds. We provide this back-
ground information concerning the generalizability in the electronic 
supplementary material of this article. It is important to note that the 
intervention and control group differ insofar as the intervention group is 
always confronted with a co-insurance component whereas the control 
group is not. However, as a constant co-insurance component likely only 
influences the level of the healthcare service consumption through a 
price effect, we argue that this does not impede our study design. 

Patients in the sample were insured with one of the three sickness 
funds throughout the entire observation period and consumed at least 
one of the 11 comparable healthcare services, which are identified by 
their assigned unique identifier code in the catalogue of outpatient care 
services (Katalog ambulanter Leistungen, KAL). The list of comparable 
services and the corresponding number of contacts in the dataset as well 
as the fee paid per contact by sickness fund of the intervention group are 
presented in Table 1. The frequency of the different healthcare services 
in the dataset varies strongly, reaching from a few thousand (sonogra-
phy of the intracranial vessels) to almost one million (routine 
electrocardiogram). 

The patients’ count of episodes per healthcare service and quarter is 
our outcome variable of interest. We extend the panel with zero- 
observations, i.e., quarters in which patients do not have a specific 
service utilization to have a balanced panel that includes observations 
for each patient in every quarter. We further use patient-level data on 
sex and age contained in the dataset. The dataset does not include 
patient-level information on the socioeconomic status (SES), but 
empirical evidence suggests that deterrent effects of user charges are 
higher for vulnerable individuals such as low-income groups, the un-
employed or those with chronic conditions (Johansson et al., 2019; 
Maynou et al., 2019). We therefore use a composite measure like Berger 
and Czypionka (2021) for the SES based on district characteristics of the 
patients’ area of residence. The SES score is based on (i) the percentage 
of persons with only mandatory schooling in the labour force (Statistik 
Austria, 2016), (ii) the percentage of unemployed persons in the labour 
forces (Statistik Austria, 2019), and (iii) the average net income (Sta-
tistik Austria, 2016). For each variable, we divide the districts into 
quartiles. The higher the quartile, the worse a district ranks in the so-
cioeconomic dimension. The SES score is simply the average of the three 
quartile ranks. The data required for the SES score was not available for 
one district in the federal state of Lower Austria, because it was merged 
into other districts after the study period. It was not possible to allocate 

the cases to new districts due to data limitations. We therefore excluded 
these patients from the sample. We further account for differences in the 
need for treatment by including the patients’ total number of healthcare 
contacts over the entire observation period as a proxy variable for the 
individual burden of disease. Finally, an important limitation in the 
dataset is that it does not include information on patients who are 
exempt from cost-sharing and, therefore, would not react to a change in 
the cost-sharing regime. The summary statistics of the control variables 
used in our analysis before and after the matching procedure based on 
entropy balancing for the entire sample are reported in Table 3. 

3. Methods 

3.1. Classification of healthcare services 

We classify the analysed healthcare services along the two decision- 
relevant dimensions of costs and urgency. This allows us to formulate 
two propositions for the demand reaction, which we use to guide our 
empirical analysis. 

We distinguish between services that are urgent and whose con-
sumption cannot be postponed by patient discretion and services that 
can be postponed. Here it is good to recall that ‘urgent’ is not restricted 
to emergency care services. A good example is an electromyography, 
which indicates that a neuromuscular disease is suspected, and although 
it does not need to be performed on the same day, a patient will normally 
seek timely clarification, while a foreign body in the eye requires im-
mediate treatment. In case of an urgent medical condition, patients will 
likely not want to unnecessarily delay a needed test or procedure. The 
distinction is important because patients of the control group can post-
pone their health care consumption to the period after the reduction of 
the co-insurance rate. The incentives, i.e., the price, and possibilities for 
patients to do so differ between healthcare services. Healthcare services 
that can be easily postponed, like routine check-ups, will likely be 
differently affected by user charges – especially when they come in the 
form of co-insurance or staggered co-payments – than urgently required 
treatments or diagnostic measures. Along the same line of reasoning, we 
would expect user charges in the form of a co-insurance to have a larger 
impact on patient demand when the costs for a service are high as the 

Table 1 
Description, number of contacts and fee of the comparable healthcare services 
included in the dataset.  

Healthcare service 
description 

Number of 
contacts in 
dataset 

Fees in 2016 
(intervention 
group) 

Cost-sharing 
reduction in 
absolute 
terms 

Blood gas analysis 99,060 €55.70 €5.57 
Cerumen removal 445,423 €10.68 – €18.57 €1.06 – €1.86 
Electromyography 34,979 €51.99 €5.20 
Incident-light microscopy 334,623 €2.79 €0.28 
Nystagmus inspection 42,385 €10.68 – €18.57 €1.06 – €1.86 
Removal of foreign bodies 

from the cornea, sclera or 
conjunctiva 

19,572 €10.68 – €18.57 €1.06 – €1.86 

Routine electrocardiogram 
(ECG) 

950,153 €40.82 €4.08 

Routine 
electroencephalography 
(EEG) 

45,592 €59.42 €5.94 

Sonography of the 
intracranial vessels 

4,617 €55.81 €5.58 

Sonography of the thyroid 
and parathyroid gland 

167,731 €27.45 €2.75 

Uroflowmetry 119,917 €19.50 €1.95 
Sum 2,264,052   

The fees that physicians are reimbursed from the sickness fund for the relevant 
billing items that are not directly observed in the data are ‘first visit to the 
practice’ (€18.57) and ‘additional visit to the practice’ (€10.68). The patients’ 
cost-sharing is 20% (before) and 10% (after) of the respective fee. 
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amount covered by the patient increases proportionately. While pa-
tients’ decisions are likely less affected by a co-insurance on low-cost 
services, co-insurance on high-cost services entails a higher trade-off 
with other forms of spending and may cause stronger demand re-
actions. Overall, we would expect a higher effect of a reduction of the co- 
insurance rate for cost-intensive, deferrable services on the demand for 
healthcare services. 

Proposition 1. Price elasticity is highest for high-cost, non-acute health-
care services. 

For non-urgent services, we would expect demand to decrease 
especially in the quarter preceding, and to increase in the quarter of the 
reduction in co-insurance due to patients forestalling their healthcare 
consumption. Again, we would also expect this effect to be stronger 
when the services in question are high-cost. Three healthcare services 
(electromyography, sonography of the thyroid and parathyroid gland, 
and blood gas analysis) are classified as ‘mix’, as these are urgent in the 
diagnostic phase for some conditions but can be postponed when they 
are used in follow-up exams. 

Proposition 2. Demand for high-cost, non-acute healthcare services will 
be comparatively lower in the period leading up to the price shock and 
comparatively higher in the period of the price shock due to anticipatory 
postponement effects. 

The classification of the 11 healthcare services in our analysis is 
provided in Table 2. We use the cost information provided in Table 1 and 
set the threshold for the cost classification at €25, which roughly cor-
responds to the median of the 11 comparable healthcare services. Note 
that this threshold is a crude measure for orientation purposes only. We 
can neither observe whether a patient considers a healthcare service 
expensive or not, nor is it necessary for the purpose of this analysis. 

3.2. Combining matching and two-way fixed-effects difference-in- 
differences 

We estimate causal treatment effects under non-random assignment 
to the co-insurance regimes by using a combination of matching and 
two-way fixed-effects (TWFE) difference-in-differences estimation. The 
matching step makes the intervention and control group more similar 
with respect to the time-fixed observable control variables with the aim 
of thereby also making the two groups more comparable with respect to 
unobservable characteristics. A shared trend in the outcome variable 
between the two groups prior to the intervention is hence not just 

indicative for the success of the matching stage, but also a prerequisite 
for the validity of the quasi-causal interpretation of the estimation. 

3.2.1. Entropy balancing 
We lean on the approach by Everding and Marcus (2020), who 

combine matching via entropy balancing with subsequent 
difference-in-differences estimation. Entropy balancing is a multivariate 
reweighting method that directly aims for covariate balance by assign-
ing a scalar weight to the observations in the control group such as to 
match the covariate distributions of the intervention and control group 
on the first and second moment. This has the advantage that it reduces 
the model dependence in the subsequent analyses compared to pro-
pensity score matching methods (Hainmueller, 2011). We use the 
user-written Stata programme “ebalance” (Hainmueller and Xu, 2013) to 
compute balancing weights with respect to sex, age, SES score and 
burden of disease in each service- or classification-specific subsample of 
patients (i.e. patients with at least one contact of the healthcare service 
in the observation period), as each healthcare service category and in-
dividual healthcare service has a distinct patient composition that is not 
well captured by weights calculated using the full sample. Table 2 pre-
sents the summary statistics of the joint estimation of the 11 healthcare 
services before and after the matching procedure where columns (4) and 
(5) present the standardised difference in means before and after the 
matching as a quality indicator for the matching procedure. 

3.2.2. Parallel trends 
The validity of our identification strategy in our difference-in- 

differences estimation depends on a shared trend between the inter-
vention and (weighted) control group absent the intervention. Fig. 1 
shows the trends in the quarterly outcome variable over the observation 
period for all healthcare services combined, the cost and urgency groups 
and their combinations after applying the entropy balancing weights. 
The trends of the individual healthcare services are presented in the 
supplement. We additionally check for this shared trend by regressing 
the quarterly weighted outcome variable on the time variable (quarters), 
the dummy variable signalling group affiliation (intervention versus 
control) and an interaction term of the two variables. As the interpre-
tation of nonlinear difference-in-difference models is not trivial and 
depends on the functional form of the parallel trends assumption, we test 
under the assumption of a parallel trend in the natural scale of the 
outcome variable, such that the estimated treatment effect in the 
transformed scale of the nonlinear main regression model is the inter-
action effect (Barkowski, 2021). The linear model we use to check the 

Table 2 
Classification matrix of the 11 healthcare services in the outpatient sector according to cost and urgency.   

Deferrable Mix Urgent 

High Cost Routine ECG Blood gas analysis Sonography of the intracranial vessels 
Routine EEG Electromyography 

Sonography of the thyroid and parathyroid gland 
Low Cost Cerumen removal  Nystagmus inspection 

Incident-light microscopy Removal of foreign bodies from the cornea, sclera or conjunctiva 
Uroflowmetry  

Table 3 
Summary statistics for the selected control variables before and after matching using entropy balancing (EB) in the full patient sample.  

Variable Mean (treated) Means (control) Standardized difference  

Raw EB Raw EB 

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

Female 0.487 0.527 0.487 − 0.080 0.000 
Age 57.980 55.217 57.980 0.154 0.000 
Burden of disease 54.384 49.414 54.383 0.130 0.000 
SES score 2.442 2.359 2.442 0.110 0.000 
N 1,223,619  711,799    
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parallel assumption in the natural scale of the outcome using 
fixed-effects (within) ordinary least squares (OLS) panel regression is 
given by 

yi,t=β0+β1D1t+⋯+β3D3t+β5D5t+⋯+β9D9t+γPOSTt

+δ(D1t∗TREATi+⋯+D3t∗TREATi+D5t∗TREATi+⋯+D9t∗TREATi)+ϵi,t

(1)  

with T− 1 dummies (as the quarter prior to the intervention, Q1-2016 is 
omitted) and where y denotes the healthcare consumption of individual 
i = 1,2, …,n in period t = 1,2, …,9, POST is a variable that takes the value 1 
for the quarters following the intervention and 0 otherwise, TREAT takes the 
value 1 for individuals in the intervention group and 0 for individuals in 
the control group, and ε is the i.i.d. error term with ϵi,t∼ N(0, σ2

ϵ ). The 
parallel trend assumption is violated when the coefficient on interaction 
term, δ, is statistically significant in the quarters prior to the 
intervention. 

3.2.3. Two-way fixed-effects difference-in-difference regression 
We then proceed to estimate a TWFE difference-in-difference model 

via conditional fixed-effects Poisson panel regression, which accounts 
for the nonnegative count outcome variable, using the weights obtained 
from the entropy balancing in the matching stage of the analysis and 
controlling for patient-level and time-fixed effects. The TWFE 
difference-in-difference model to test the demand reaction (Proposition 
1) is given by: 

yi,t = exp[ γPOSTt + δ (POSTt ∗ TREATi)+ β1D2t +⋯+ β9D9t],y

∼ Poisson 

While we control for time-fixed effects by including T− 1 dummies 
(the first period, D1, is omitted), the conditional fixed-effects Poisson 
eliminates the time-invariant patient-fixed effects under the assumption 
the observations are independent. The coefficient of the interaction 
term, δ, captures the effect of the co-insurance rate reduction on 

healthcare utilization. 
For anticipatory effects (Proposition 2), we adapt our test for the 

assumption of parallel trends in equation (1), using Q1-2017 as the basis 
for comparison to avoid interference of seasonal fluctuations. 

yi,t =exp [β1D1t +⋯+β7D7t +⋯+β9D9t+γPOSTt

+δ1D1t ∗TREATi+…+δ7D7t ∗TREATi+…+δ9D9t ∗TREATi] y ∼ Poisson
(3) 

This procedure allows us to verify whether there has been a change 
in the trend of the intervention group leading up to the intervention as 
captured by the interaction term between the quarters of interest and the 
intervention dummy. 

3.3. Sensitivity analysis 

We test the plausibility of our estimated effect in the analysis via 
placebo regression. We truncate the panel up to the period of the actual 
intervention (Q2-2015 to Q2-2016) and signal the placebo intervention 
two quarters before the actual timing of the intervention (Q4-2015). By 
truncating the sample size, we circumvent the issue that persistent ef-
fects in combination with a large sample size may consistently yield 
statistically significant results also for placebo interventions before or 
after the actual intervention. We further estimate the regression model 
(2) for the demand reaction (Proposition 1) in the regression for the cost 
and urgency dimensions, as well as their combinations, using OLS esti-
mation to assess the robustness of our results with respect to the func-
tional form. 

Another crucial aspect of our study results concerns the nature of the 
cost-sharing regime in the intervention group. Patients are usually billed 
retrospectively by the sickness fund. It is very likely that patients – 
especially those with few healthcare needs – are not aware of the actual 
fee when making the decision of using an outpatient healthcare service, 
though they may have some idea that some services (e.g., laboratory 
services, diagnostic imaging) are more expensive than other less 

Fig. 1. Pre-and post-intervention trends of the intervention and the weighted control group for the 11 healthcare services combined, the cost and urgency groups and 
their combinations in the four quarters before and after the reduction of the co-insurance rate. 
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elaborate procedures (e.g., cerumen removal). Patients could in princi-
ple inform themselves on the costs of the service prior to their 
appointment by looking up reimbursement fees for individual services, 
as the fee catalogues are available online. However, these may not be 
easily obtainable for laypersons and are additionally a somewhat cryptic 
read, as fees are expressed as points, which need to be converted into 
currency first. We therefore run the regression of the individual 
healthcare care services for the subsample of frequent healthcare uti-
lisers as these patients are more likely aware of the costs of certain 
healthcare services and are conceivably more likely to be more price 
sensitive as the co-insurance rates add up and hence have a higher 
financial impact. We classify a patient as a frequent utiliser if the pa-
tient’s total number of healthcare contacts is above the sample median 
of 39 healthcare contacts. Lastly, we account for possible sex-specific 
patterns in healthcare utilization of the individual healthcare services 
by running regression (2) separately for females and males. 

4. Results 

We start the presentation of our results with the general case of an 
overall effect of a joint estimation of all 11 healthcare services, moving 
on to the separate estimation of the impact of the cost-sharing reform 
along the cost and urgency dimensions separately and an estimation of 
the possible cost-urgency category combinations. Finally, we provide a 
short summary of the main estimation results for the individual 
healthcare services, which are provided in detail in the supplement. 

Table 4 presents the results of the joint TWFE estimation for all 
healthcare services and the for the cost and urgency categories. In the 
joint estimation, the assumption of shared pre-trends between the con-
trol and intervention groups holds at least from visual inspection, 
although the formal procedure fails as due to the substantial size of the 
sample the negligibly small difference in the trends are statistically 
significant. We estimate that the cost-sharing reduction resulted in a 
roughly 0.8% increase in healthcare service utilization between all 11 
healthcare services. We do not find a postponement effect for the overall 
estimate. Running the regression separately for the cost and urgency 
groups yields results in line with the expectations regarding the demand 
reaction (Proposition 1) and anticipatory effects (Proposition 2). While for 
the high cost group of healthcare services we estimate an increase in 
demand of 1.4% following the cost-sharing reduction, we do not observe 
a comparable effect in the low cost group. For the high-cost healthcare 
services, the intervention and control group follow similar pre-trends 
upon visual inspection, although also in this case the formal procedure 
highlights small statistically significant differences in the trends prior to 
the intervention, because of the large sample size. We observe a similar 
picture in line with the expectations when running the regressions for 
the different urgency groups, with an average increase in the demand for 
deferrable healthcare services by 1% and postponed utilization in the 
quarter leading up to the intervention, with no clear and statistically 
significant patterns for the mix or high-urgency categories. The results 
are robust with regard to the placebo regression set-up. 

Turning to the regression results according to the different cost- 
urgency categories, we can see that for deferrable high-cost services, 
the co-insurance reduction resulted in a 1.6% increase in service utili-
zation. For the other cost-urgency categories we do not find a statisti-
cally significant effect. Regarding postponement effects, we do find 
statistically significant lower levels of healthcare service utilization for 
the high-cost/deferrable category in the quarter leading up to the co- 
insurance reduction, and statistically significant higher levels of 
healthcare service utilization in the high-cost/mixed and high-cost/ 
urgent groups. The assumption of linear parallel trends holds only for 
two cost-urgency categories at the 5% significance level: deferrable and 
urgent high-cost healthcare services. The results of the TWFE difference- 
in-difference estimation for the demand reaction of five different cost- 
urgency-categories (Proposition 1), including the adapted pre-trend 
framework to test for anticipatory effects (Proposition 2) are presented 

in Table 5. 
A summary of the results of the individual healthcare services, 

including results separated by the sexes and for frequent utilisers is 
provided in the supplement. The results highlight the heterogeneity of 
the demand reactions across the different healthcare services. While the 
demand reaction for routine electrocardiograms (+1.8%) is in line with 
expectations, we find a seemingly paradox statistically significant 
decrease in service utilization (− 7.9%) for nystagmus inspections, 
although the visual trends suggest that this is in fact related to an un-
explained increase in service use in the control group. The demand re-
action for Electromyography (+12.6%) is also in line with our 
expectations, but the assumption of linear parallel trends is not fulfilled. 
For other services, we do not find statistically significant demand re-
actions, suggesting that demand for these services is comparatively in-
elastic. The results are further robust to restricting the sample to 
frequent users as well as the placebo regression set-up. The results of the 
TWFE difference-in-differences regression, by and large, do not vary by 
sex. 

5. Discussion 

In this paper, we analyse the role of costs and urgency in the demand 
reaction of 11 different healthcare services to a reduction in the co- 
insurance rate. We find that halving the co-insurance rate from 20% 
to 10% led to an average increase in demand for the 11 healthcare 
services by 0.8%. However, detailed analyses show that this increase is 
driven by services that are deferrable (+1%) and comparatively high- 
cost (+1.4%), or both (+1.6%). For specific healthcare services, we 
find the strongest demand reaction for routine electrocardiograms 
(+1.8%), a deferrable and high-cost healthcare service. 

Our findings suggest that patients in the intervention group post-
poned costly deferrable services in the quarter leading up to the co- 
insurance rate reduction as indicated either by comparative restraint 
in service consumption and/or excess consumption in the quarter of the 
intervention in the intervention group. However, although the coeffi-
cient estimates are roughly in line with the expectations, they are not 
always statistically significant at the 5%-level. We do not find any 
similar notable patterns of postponement for inexpensive services. This 
implies that the effect of a co-insurance – or even more generally user 
charges, though the effect of a fixed co-payment by design depends more 
on urgency rather than price – is not uniform across a spectrum of 
healthcare services and can hence not be generalised. Moreover, sub-
stitution effects between services are unlikely as all outpatient health-
care services are subject to the same reduction in the co-insurance rate 
and the relative prices between the different services do not change. 
However, as the cost-sharing for inpatient care and medication is un-
affected, relative prices between these healthcare sectors change. Given 
the limited possibilities for substitution between healthcare sectors, we 
do not think that this impedes our study design. 

We acknowledge some limitations to the interpretation of our study 
results. The lack of patient-level data on the SES is a crucial limitation 
with respect to policy conclusions. Policy makers need to understand 
potential differences in the demand-reaction of economically vulnerable 
groups to avoid prohibitive cost-sharing levels that create unmet need 
for treatment (Czypionka et al., 2019). It also reduces the accuracy of the 
matching procedure, which makes it harder to establish parallel trends 
in absence of the intervention. In combination with a small effect size, 
this is a major challenge in the empirical analysis. The small size of the 
identified effect, too, is not surprising considering that, firstly, patients 
who are exempt from the co-insurance could not be removed from the 
sample. These are part of the vulnerable populations who would likely 
have strong but undesirable demand reactions as they would not be able 
to afford a certain healthcare service. Secondly, the co-insurance rate 
was only reduced (with comparatively small absolute savings for pa-
tients between €0.30 and €6 in the sample of healthcare services, see 
Table 1) and not entirely abolished. 
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Table 4 
Results of the weighted conditional fixed-effects difference-in-difference Poisson regression for all healthcare services jointly and the cost and urgency categories.  

Healthcare 
service category 

All healthcare services High cost healthcare services Low cost healthcare services 

Matching method Raw Entropy balancing Raw Entropy balancing Raw Entropy balancing 

Regression 
method 

Conditional 
Fixed-effects 
Poisson 
Regression 

Weighted Conditional Fixed- 
Effects Poisson Regression 

Weighted 
Fixed-Effects 
Ordinary Least 
Squares 

Conditional 
Fixed-effects 
Poisson 
Regression 

Weighted Conditional Fixed- 
Effects Poisson Regression 

Weighted Fixed- 
Effects Ordinary 
Least Squares 

Conditional 
Fixed-effects 
Poisson 
Regression 

Weighted Conditional Fixed- 
Effects Poisson Regression 

Weighted 
Fixed-Effects 
Ordinary Least 
Squares 

Effect Demand 
reaction 

Demand 
reaction 

Anticipatory 
reaction 

Demand 
reaction 

Demand 
reaction 

Demand 
reaction 

Anticipatory 
reaction 

Demand 
reaction 

Demand 
reaction 

Demand 
reaction 

Anticipatory 
reaction 

Demand 
reaction 

Sample Full Full Full Full Full Full Full Full Full Full Full Full 
POST*TREAT 0.00321 

(0.00268) 
0.00778* 
(0.00352) 

n/a 0.00437*** 
(0.000755) 

0.00773* 
(0.00359) 

0.0142** 
(0.00472) 

n/a 0.00506*** 
(0.000854) 

− 0.00285 
(0.00387) 

− 0.000919 
(0.00495) 

n/a 0.000301 
(0.000776) 

2016Q1*TREAT n/a n/a − 0.0101 
(0.00720) 

n/a n/a n/a − 0.00897 
(0.00956) 

n/a n/a n/a − 0.0106 
(0.0104) 

n/a 

2016Q2*TREAT n/a n/a 0.00891 
(0.00735) 

n/a n/a n/a 0.0248* 
(0.00989) 

n/a n/a n/a − 0.0144 
(0.0104) 

n/a 

N 8,656,659 8,655,849 8,655,849 8,655,849 5,877,504 5,876,982 5,876,982 5,876,982 4,932,117 4,931,730 4,931,730 4,931,730 
N (intervention) 2,934,045 2,933,271 2,933,271 2,933,271 1,989,405 1,988,901 1,988,901 1,988,901 1,801,728 1,801,368 1,801,368 1,801,368 
Linear parallel 

trends 
No No No No No No No No No No No No 

Healthcare 
service 
category 

Deferrable healthcare services Mixed urgency healthcare services Urgent healthcare services 

POST*TREAT 0.00398 
(0.00277) 

0.00915* 
(0.00365) 

n/a 0.00324*** 
(0.000690) 

− 0.0105 
(0.00687) 

− 0.00925 
(0.00720) 

n/a − 0.0000835 
(0.00111) 

− 0.00852 
(0.0172) 

− 0.0229 
(0.0252) 

n/a − 0.00246 
(0.00249) 

2016Q1*TREAT n/a n/a − 0.0166* 
(0.00752) 

n/a n/a n/a 0.0268 
(0.0145) 

n/a n/a n/a 0.0475 
(0.0507) 

n/a 

2016Q2*TREAT n/a n/a 0.00183 
(0.00767) 

n/a n/a n/a 0.0555*** 
(0.0147) 

n/a n/a n/a 0.0553 
(0.0492) 

n/a 

N, 8,043,804 8,043,021 8,043,021 8,043,021 1,851,147 1,851,111 1,851,111 1,851,111 488,322 488,304 488,304 488,304 
N (intervention) 2733237 2,732,481 2,732,481 2,732,481 840,150 840,114 840,114 840,114 147,123 147,114 147,114 147,114 
Linear parallel 

trends 
No No No No No No No No No No No No 

*p < 0.05, **p < 0.01, ***p < 0.001; Heteroscedasticity robust standard errors in parentheses (clustered at the patient level). 
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Patients in the intervention group were already used to having to co- 
pay for their healthcare service consumption, although many patients 
might not be aware of exact costs. We control for this possible infor-
mation asymmetry by analysing the subsample of frequent utilisers for 
whom we expect better awareness of prices. Nevertheless, when the 
outpatient healthcare service in question is low-cost, the cost-sharing 
component might not matter for patients, whose status quo has been 
to have cost-share for outpatient healthcare services anyway. This is in 
line with a finding in the study by García-Gómez et al. (2018), where 
individuals with prior access to free medicines decrease their pharma-
ceutical consumption following the introduction of a low co-payment of 
€1 compared to individuals who already paid a co-insurance. We argue 
that stronger change of the status-quo would also entail a more pro-
nounced response in the patients’ behaviour. The possibility that pa-
tients can be insured with multiple sickness funds simultaneously 
further complicates the issue. Insurance with multiple sickness funds is 
possible for persons with two or more (part-time) occupations or who 
run a side business next to a salaried job, as insurance is determined by 
the type of employment (public or private sector, self-employed, etc.) or 
employer (some large companies had their own SHI scheme at the time 
of the study). On average, one in 11 Austrian patients was insured with 
more than one sickness fund in 2018 (Main Association of Austrian 
Social Security Institutions, 2019), though this includes children who 
are co-insured with their parents. These patients can choose which 
sickness fund is billed by the healthcare service provider and typically 
avoid cost-sharing or opt for cost-sharing only in case this provides ac-
cess to their preferred physician. Our data do not provide information 
whether patients are insured with multiple sickness funds, only which 
sickness fund covers the healthcare service fee. We expect only few 
patients to be insured with a sickness fund in the control and interven-
tion group at the same time. As some physicians provide care only for 
the public-employee sickness funds some patients may choose this op-
tion to get quicker appointments, but this would only concern a small 

fraction of patients. A possible distortion of the estimated coefficient 
could hence go either way, but it is unlikely to substantially alter the 
results as the number of observations is sufficiently large. Lastly, we also 
cannot rule out the possibility that the unclear patterns in the trends 
stem from problems related to the quality of the data itself, as our 
dataset is based on the KAL-system which has only been instated in 
2015. In the earlier phase of the roll-out, complete and comprehensive 
recording of data cannot be taken for granted. 

Overall, our findings add to the understanding of cost-sharing as a 
policy tool. The finding that even small price changes elicit demand 
reactions is quite easily transferable to preventive services, which are 
non-urgent and easily deferrable by the patient. Taking into account that 
the propensity to seek preventive healthcare services is higher among 
patients with higher SES (see e.g. Burkert et al., 2012; de Waard et al., 
2018; Schülein et al., 2017), tailored systems of cost-sharing for 
different patient groups could incentivise patients to seek care on a 
best-practice path to receive the right preventive service at the right 
time. 
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Table 5 
Results of the weighted conditional fixed-effects difference-in-difference Poisson regression for the five cost-urgency categories.  

Healthcare service 
category 

High cost/deferrable High cost/urgent 

Matching method Raw Entropy balancing Raw Entropy balancing 

Regression 
method 

Conditional Fixed- 
effects Poisson 
Regression 

Weighted Conditional Fixed- 
Effects Poisson Regression 

Weighted Fixed- 
Effects Ordinary 
Least Squares 

Conditional Fixed- 
effects Poisson 
Regression 

Weighted Conditional Fixed- 
Effects Poisson Regression 

Weighted Fixed- 
Effects Ordinary 
Least Squares 

Effect Demand reaction Demand 
reaction 

Anticipatory 
reaction 

Demand reaction Demand reaction Demand 
reaction 

Anticipatory 
reaction 

Demand reaction 

Sample Full Full Full Full Full Full Full Full 
POST*TREAT 0.00788* 

(0.00386) 
0.0161** 
(0.00521) 

n/a 0.00367*** 
(0.000783) 

− 0.0000557 
(0.0611) 

0.00687 
(0.0974) 

n/a − 0.000622 
(0.00898) 

2016Q1*TREAT n/a n/a − 0.0163 
(0.0106) 

n/a n/a n/a 0.147 
(0.204) 

n/a 

2016Q2*TREAT n/a n/a 0.0121 
(0.0109) 

n/a n/a n/a 0.356 
(0.204) 

n/a 

N 5,187,240 5,186,745 5,186,745 5,186,745 30,969 30,969 30,969 30,969 
N (intervention) 1,710,252 1,709,775 1,709,775 1,709,775 9,117 9,117 9,117 9,117 
Linear parallel 

trends 
Yes Yes Yes Yes Yes Yes Yes Yes 

Healthcare service 
category 

Low cost/deferrable Low cost/urgent 

POST*TREAT − 0.00254 
(0.00389) 

− 0.000192 
(0.00493) 

n/a 0.000288 
(0.000763) 

− 0.00869 
(0.0176) 

− 0.0280 
(0.0255) 

n/a − 0.00316 
(0.00252) 

2016Q1*TREAT n/a n/a − 0.0131 
(0.0104) 

n/a n/a n/a 0.0466 
(0.0512) 

n/a 

2016Q2*TREAT n/a n/a − 0.0162 
(0.0104) 

n/a n/a n/a 0.0347 
(0.0494) 

n/a 

N 4,686,606 4,686,237 4,686,237 4,686,237 462,483 462,465 462,465 462,465 
N (intervention) 1,744,947 1,744,596 1,744,596 1,744,596 141,561 141,552 141,552 141,552 
Linear parallel 

trends 
No No No No Yes No No No 

*p < 0.05, **p < 0.01, ***p < 0.001; Heteroscedasticity robust standard errors in parentheses (clustered at the patient level). 
The results of the High cost/mix category are omitted as they correspond to the “Mixed urgency healthcare services” category in Table 4. 
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