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Abstract
Increasing expenditures on retail pharmaceuticals bring a critical challenge to the finan-
cial stability of healthcare systems worldwide. Policy makers have reacted by introducing a 
range of measures to control the growth of public pharmaceutical expenditure (PPE). Using 
panel data on European and non-European OECD member countries from 1990 to 2015, 
we evaluate the effectiveness of six types of demand-side expenditure control measures 
including physician-level behaviour measures, system-level price-control measures and 
substitution measures, alongside a proxy for cost-sharing and add a new dimension to the 
existing empirical evidence hitherto based on national-level and meta-studies. We use the 
weighted-average least squares regression framework adapted for estimation with panel-
corrected standard errors. Our empirical analysis suggests that direct patient cost-sharing 
and some—but not all—demand-side measures successfully dampened PPE growth in the 
past. Cost-sharing schemes stand out as a powerful mechanism to curb PPE growth, but 
bear a high risk of adverse effects. Other demand-side measures are more limited in effect, 
though may be more equitable. Due to limitations inherent in the study approach and the 
data, the results are only explorative.
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Introduction

Past decades have seen steady increases in expenditure related to health, which has become 
a major issue in healthcare systems for many countries in terms of financial stability and 
sustainability. Expenditure on retail pharmaceuticals is a substantial component of total 
expenditure on healthcare and is easily traceable, making it a prime candidate for policy 
action. In 2015, this share was 16.2% on average across the 34 OECD member countries 
(excluding Chile, New Zealand and Turkey), but variation across countries is high, rang-
ing from 6.8% in Denmark to 29.2% in Hungary, with a 37% coefficient of variation. With 
novel high-cost pharmaceuticals entering the market (e.g. in cancer care) and new therapies 
gradually shifting treatment out of the hospital sector (e.g. therapies for Hepatitis C), the 
pressure on policy makers to align healthcare and (retail) pharmaceutical expenditures with 
revenues will further increase.

Recent trends in pharmaceutical spending in OECD countries are neither homogene-
ous over time nor across countries. From 2003 to 2015, public pharmaceutical expenditure 
(PPE) in OECD member countries (excluding Belgium, Chile, Israel, Latvia, Mexico, New 
Zealand, Turkey and the United Kingdom) increased by 1.1% on average in real terms per 
year. Splitting the sample in two six-year pre- and post-crisis periods highlights the vary-
ing dynamics. While real PPE growth rates were substantial prior to the crisis (3.6% yearly 
average), they turned negative on average in the post-crisis period. Figure  1 shows the 
development of real PPE of selected countries from 2000 to 2015. In terms of controlling 
costs, some countries performed better than others (with PPE declining in Denmark and 
Sweden, in contrast to steep growth by 234% in the US). In many countries, PPE growth 
rates still pressure public budgets. Belloni et al. (2016) suggest that future growth of phar-
maceutical spending is likely to pick up pace again due to changes in pharmaceutical mar-
kets and increased availability of high-cost pharmaceuticals. Against this background, the 
question of appropriate expenditure control measures beyond direct price controls is again 
gaining importance.

Fig. 1  Real PPE growth in selected countries (national currency, constant prices). OECD Health Statistics 
(2017)
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The objective of this article is to evaluate the options available to policy makers to safe-
guard fiscal sustainability of healthcare systems across countries. We add to the existing 
literature by assessing the effectiveness of expenditure control measures for retail PPE in 
a cross-country panel setting using a core sample of 10 European OECD member coun-
tries (Austria, Belgium, Denmark, Finland, France, Germany, the Netherlands, Sweden, 
Switzerland, and the United Kingdom). We further use an extended sample of 12 coun-
tries (the core sample plus two additional non-European OECD member countries, Can-
ada and the United States) to assess the robustness of the results. Over the last decades, 
governments have implemented a range of expenditure control measures on pharmaceu-
ticals [for an overview see Vogler (2012)]. Some mainly target drug prices, others quan-
tity and prescription behaviour. An overview of the relevant literature suggests that the 
evaluations of these control mechanisms for pharmaceutical expenditure have either been 
done on a national level (Bastida and Mossialos, 2000; Moreno-Torres et al., 2011; Barros 
and Nunes, 2010; Andersson et al., 2006, 2007; Lee et al., 2012; Fischer et al., 2018) or 
by meta-studies (Ghislandi et al., 2005; Galizzi et al., 2011; Tele & Groot, 2009; Acosta 
et  al., 2014; Rashidian et  al., 2015). Panel studies concerned with rising pharmaceutical 
expenditure mainly focus on income elasticity without considering policy variables (Oku-
nade & Suraratdecha, 2006; Clemente et al., 2008). By pooling data from multiple coun-
tries, statistical inference gains power and findings stand independent of national context. 
It is imperative to identify and quantify the determinants of PPE growth to properly assess 
the effectiveness of expenditure control measures. At the same time, the impact of various 
expenditure control measures that have already been enacted must be evaluated. To the 
best of our knowledge, this is the first systematic empirical comparison of the effective-
ness of pharmaceutical expenditure control measures in a cross-country setting. However, 
a limitation of this type of study is that the overlapping of several policies within countries 
at a given time does not allow to follow a clear identification strategy and our results are 
therefore first and foremost descriptive and hypothesis generating in nature and should not 
be read as causal. As we are concerned with the financial sustainability of public budgets, 
we focus our analysis on the part of expenditure borne by public entities. The analysis is 
further limited to policy reforms targeting retail pharmaceutical spending, i.e. pharmaceu-
tical spending occurring outside hospitals, as the comparable System of Health Accounts 
methodology accounts for final consumption only. For a complete picture of PPE, pharma-
ceutical expenditure of the hospital sector would be desirable. However, we justify separate 
analysis by noting that pharmaceutical expenditure in hospitals need not have the same 
dynamics as retail pharmaceutical expenditure for several reasons. For instance, the major-
ity of innovative, high-cost pharmaceutical interventions like cancer therapy takes place 
in a hospital setting. Pharmaceutical expenditure in hospitals may thus depend much more 
strongly on technological progress than retail pharmaceuticals. Country-specific healthcare 
regulations further exacerbate the different dynamics. In Austria and Germany, for exam-
ple, the budget for hospital pharmaceuticals is a lump-sum part of the public hospital fund-
ing for diagnosis related treatment and therefore does not respond to direct price-damping 
measures of the public health funds for retail pharmaceuticals.

Types of demand‑side expenditure control measures

Following the Pharmaceutical Pricing and Reimbursement Information (PPRI) reports by 
the WHOCC (World Health Organisation Collaborating Centre for Pharmaceutical Pric-
ing and Reimbursement Policies), the most common measures can be divided into six 
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principal categories presented in Table 1. A graphical representation of the six principal 
categories as well as their timeline in the country sample of this analysis is provided in 
the appendix (Fig. 2). Although the practical implementation of the different reform types 
can differ, it is necessary to group them for cross-country analysis. Additionally, to allow 
for comparability across countries, only policies that were in place at the national level 
are considered in this analysis, thereby excluding (a) pilot projects (e.g. pilot projects for 
e-prescription in Switzerland), (b) policies only in effect at certain healthcare payers (e.g. 
the pharmaceutical budgets that some Austrian SHI funds implemented, but which were 
not coordinated on a national scale), and (c) policies only affecting specific groups of 
pharmaceuticals (e.g. generic substitution scheme in Belgium that is restricted to inter-
national non-propriety name (INN)-prescriptions, antibiotics and antimycotics, as well as 
pharmaceuticals with a reimbursement ceiling).

Measures that aim at the type and price of pharmaceuticals enjoy widespread use across 
OECD member countries. Substitution measures include (i) generic prescription, where 
physicians do not prescribe specific brands of drugs, but rather prescribe the drug’s generic 
name. The choice of drug is then left to the dispensing pharmacists. In contrast, with (ii) 
(compulsory) generic substitution, pharmacists are obliged to substitute a physician’s pre-
scription of a brand drug with a generic drug, if available. Implementation of system-wide 
price-control measures such as (iii) reference price systems is also fairly common in OECD 
member countries. Reference price system in the context of our analysis is used in the 
meaning that pharmaceuticals are grouped according to their use, and one product’s price 
is set as a reference price. This procedure is often referred to as internal reference pricing. 
The public health system will then only cover that price. If a more expensive (brand) prod-
uct is requested, patients have to pay the difference out-of-pocket. Internal reference pric-
ing cannot be applied to (often highly-priced) innovative drugs that have only recently been 
introduced onto the market and for which no reference is available, potentially making the 
system less effective (Giuliania et al., 1998).1 In contrast, under external reference pricing, 
the price of a drug in one or several countries is used to derive a reference price. As such, 
external reference pricing is a typical pricing policy applied to innovative pharmaceuticals 
and is in effect in all countries included in the country sample for publicly reimbursed 
pharmaceuticals, though there is some indication that pharmaceutical producers have in 
the past tried to outmanoeuvre these mechanisms by systematically delaying dossier sub-
missions in Belgium to avoid the lower Belgian prices to affect prices in other countries 
(Toumi et al., 2014). Moreover, the exact implementation of external reference pricing var-
ies in practice. Several countries use external reference pricing only as a supplementary or 
initial pricing policy and Denmark restricts its use to the hospital sector altogether (Rému-
zat et al., 2015). To account for this variation and the limitation of the dataset not covering 
hospital medication, the reference price system policy variable is limited to the form of 
internal reference pricing described above, which is applied in a more comparable fashion 
across countries. A similar problem exists for profit margin controls and Health Technol-
ogy Assessment (HTA) for which an aggregation into policy variables is not possible, as 
the strategies pursued by countries are too different. Profit control is either set for whole-
sale or retail, or both, with the size of a fixed mark-up differing strongly between countries 
[see e.g. Lee et  al. (2021)], and in countries with established HTA institutes, HTA may 

1 Strictly speaking, this argument is valid also for generic prescription and generic substitution as for inno-
vative drugs no generic versions are available.
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play a crucial role in the use of cost-intensive pharmaceuticals, even if there are no legal 
requirements to consider the results of HTA.

Other methods tackle the problem directly at the physician level. Among these phy-
sician-level behaviour measures (iv) pharmaceutical budgets grant physicians a certain 
budget for the prescription of pharmaceuticals. If applied thoroughly, pharmaceutical budg-
ets could potentially be a very effective cost control measure, but soft budget constraints 
(Kornai, 1986) can undermine the effects. Hard pharmaceutical budgets are, however, dif-
ficult to implement in practice. As exceeding a pharmaceutical budget may be medically 
justified in some instances, resistance by both physician and patients against hard budg-
ets is likely. (v) Electronic prescription systems support physicians with finding the most 
economically sensible options among a choice of appropriate drugs. Another approach 
is to provide physicians with (vi) feedback on their prescription behaviour. By informing 
physicians about the cost structure and how their prescription behaviour compares to the 
national or regional average, management of costs and prescription behaviour is incentiv-
ised. This is an important measure in conjunction with pharmaceutical budgets. For policy 
bundles, it may also be possible to accrue an impact beyond that of simple additive effects 
when there are synergies between expenditure control measures. However, owing to the 
small sample size available and the limited amount of actually observed policy combina-
tions, a detailed analysis is beyond the scope of our present study.

Data

We use data from the OECD System of Health Accounts (SHA) dataset (OECD, Euro-
stat, WHO, 2017) in this analysis—with the exception of time series on the prevalence 
of overweight in adults, which is taken from the World Bank database (The World Bank, 
2021). OECD data have the advantage that they are largely comparable across countries 
due to harmonized calculation methods, but which comes at the expense of a somewhat 
limited set of variables to choose from. In total, 12 OECD member countries were studied, 
for which data were sufficiently complete. The core dataset includes ten European coun-
tries (Austria, Belgium, Denmark, Finland, France, Germany, the Netherlands, Sweden, 
Switzerland, and the United Kingdom) while two non-European countries (Canada and the 
United States) were used to ascertain the robustness of the results in an extended dataset. 
Data were extracted from the OECD Health Statistics database for the period 1990–2015. 
As the dataset contained structural breaks and missing values, we performed uniform data 
cleansing to ensure sufficiently long and complete time series. Missing data points at the 
beginning or the end of time series were extrapolated with yearly average growth rates of 
the previous or subsequent periods, respectively. Missing values within time series without 
a structural break were linearly interpolated. Real structural breaks, for example, caused by 
a change in the method of calculating health expenditure, were smoothed by replacing the 
growth rate in the year of the break by the average growth rate of the two years preceding 
and succeeding the break.

As the dependent variable, we use log-differenced PPE per capita in national currency 
units at GDP prices of 2005. Independent variables cover a range of metric variables that 
are expected to influence the growth of pharmaceutical expenditure: on the demand side, 
log-differenced GDP per capita at 2005 prices is taken as a proxy for available income. Life 
expectancy at birth is used to account for differences in health expenditure owing to the 
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demographic structure. There is some debate in the literature that healthcare expenditure is 
in principle determined by proximity to death rather than age [see e.g. Zweifel et al. (1999), 
Howdon & Rice (2018)]. However, such information cannot be extracted from macro 
time series, such as SHA data. Private expenditure on pharmaceuticals (through voluntary 
schemes or household out-of-pocket payments) as a share of total health expenditure is 
used as a proxy for private cost-sharing. Although information on private cost-sharing is 
provided in the SHA framework, this variable could not be used as too many data points 
were missing. On the supply side, the density of practicing generalist medical practitioners, 
specialists, physicians in total and pharmacists, and curative (acute) care beds per 1000 
inhabitants were taken as resource variables to control for a potential connection between 
healthcare consumption and the density of healthcare provision through supplier-induced 
demand [e.g. Léonard et al. (2009)], as well as the setting in which healthcare is provided 
(e.g. the relative importance of specialised physicians in the outpatient sector vis-à-vis pri-
mary care physicians, or the extent of inpatient care), both of which may conceivably influ-
ence quantity and types of retail pharmaceutical prescriptions. The density of magnetic 
resonance imaging (MRI) units per 1 million inhabitants is used as a proxy for technologi-
cal progress. For Belgium, Germany and Switzerland, for which data on the total density 
of MRI units were not available, we use MRI units in hospitals per 1 million inhabitants 
instead. As we are not interested in the density of MRI units as such, but only as a proxy 
for medical technological progress, mixing two time series does not limit our analysis. We 
control for epidemiological characteristics of the population with the percentage of over-
weight adults in the population to proxy the chronic disease burden (Kearns et al., 2014), 
and with the standardized death rate for malignant neoplasms per 100,000 inhabitants, 
which serves also as a proxy for access to cost-intensive treatments, as is the case with can-
cer (Kantarjian et al., 2014).

As differences in the financing structure of health systems may entail differences in 
expenditure on health and pharmaceuticals (e.g. through differences in bargaining position 
of payers vis-à-vis manufacturers, etc.), we further distinguish between countries whose 
healthcare system is primarily financed through social health insurance (SHI) contributions 
and those with a primarily tax-funded or otherwise funded healthcare system. For this pur-
pose, we introduce a dummy variable in our regression model that takes the value 1 for 
SHI countries and 0 otherwise. Moreover, we proxy the role and importance of HTA in 
a country by a dummy variable that is 1 in case HTA is legislatively required in the pro-
cess for reimbursement decisions.2 Note that due to the limitations in the accuracy of this 
variable definition—HTA may still impact reimbursement procedures, even if not explic-
itly legally binding—the estimated coefficient cannot be interpreted as a policy variable as 
such, but only as a control variable for a country-characteristic.

Finally, six dummy variables were constructed to assess the impact of the different 
expenditure control measures (see Table 1). Each measure takes the value 1 in each year 
the measure was in action and 0 otherwise. The summary statistics of the variables for 
both samples prior to the sequential correction of the error term structure are provided in 
Table 2.

For the construction of dummy variables indicating policy change with respect to each 
cost control measure category, diverse sources on the historical development of healthcare 
systems were used, among which the PPRI reports (DeSwaef & Antonissen, 2008; Peura 

2 The sources for this variable are the same as for the main policy variables described below. Additional 
information was taken from the HTA country profiles published by the World Health Organization.
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Table 2  Summary statistics of the variables prior to the error term correction procedure

SHI Social health insurance, HTA health technology assessment

Summary statistics

Variable Observations Mean SD Min Max

Core Sample
Public pharmaceutical expenditure (log-diff) 250 0.033 0.073 −0.322 0.433
Private pharmaceutical expenditure (log-diff) 250 −0.013 0.136 −1.259 1.189
GDP (log-diff) 250 0.011 0.023 −0.114 0.057
Density pharmacists (log-diff) 250 0.013 0.023 −0.053 0.135
Density MRI units (log-diff) 250 0.083 0.084 −0.092 0.445
Density GPs (log-diff) 250 0.012 0.025 −0.065 0.139
Density physicians (log-diff) 250 0.016 0.012 −0.024 0.075
Density specialists (log-diff) 250 0.023 0.017 −0.043 0.089
Density (acute) care beds (log-diff) 250 −0.019 0.015 −0.084 0.023
Death rate malignant neoplasms (log-diff) 250 −0.011 0.013 −0.047 0.031
Life expectancy (log-diff) 250 0.003 0.003 −0.006 0.014
Prevalence of overweight in adults (log-diff) 250 0.010 0.003 0.003 0.024
SHI 250 0.600 0.491 0 1
Legislatively required HTA 250 0.356 0.480 0 1
Generic prescription 250 0.496 0.501 0 1
Generic substitution 250 0.444 0.498 0 1
Reference price system 250 0.548 0.499 0 1
Pharmaceutical budgets for physicians 250 0.268 0.444 0 1
Electronic prescription 250 0.312 0.464 0 1
Information on prescription behaviour 250 0.564 0.497 0 1
Extended sample
Public pharmaceutical expenditure (log-diff) 300 0.038 0.072 −0.322 0.433
Private pharmaceutical expenditure (log-diff) 300 −0.010 0.125 −1.259 1.189
GDP (log-diff) 300 0.012 0.022 −0.114 0.057
Density pharmacists (log-diff) 300 0.013 0.023 −0.077 0.135
Density MRI units (log-diff) 300 0.082 0.084 −0.092 0.524
Density GPs (log-diff) 300 0.011 0.024 −0.065 0.139
Density physicians (log-diff) 300 0.014 0.012 −0.024 0.075
Density specialists (log-diff) 300 0.021 0.017 −0.043 0.089
Density (acute) care beds (log-diff) 300 −0.019 0.016 −0.104 0.032
Death rate malignant neoplasms (log-diff) 300 −0.011 0.012 −0.047 0.031
Life expectancy (log-diff) 300 0.003 0.003 −0.006 0.014
Prevalence of overweight in adults (log-diff) 300 0.010 0.003 0.003 0.024
SHI 300 0.500 0.501 0 1
Legislatively required HTA 300 0.297 0.458 0 1
Generic prescription 300 0.580 0.494 0 1
Generic substitution 300 0.537 0.499 0 1
Reference price system 300 0.457 0.499 0 1
Pharmaceutical budgets for physicians 300 0.223 0.417 0 1
Electronic prescription 300 0.283 0.451 0 1
Information on prescription behaviour 300 0.470 0.500 0 1
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et al., 2007; Redman & Köping Höggärd, 2007; Palnoch et al., 2007; Stargardt et al., 2008; 
Thomsen et al., 2008; Vogler et al., 2008), OECD reports (Belloni et al., 2016; Colombo 
et al., 2006; Moïse & Docteur, 2007) and Health Systems in Transition reports by the Euro-
pean Observatory (Busse & Riesberg, 2004; den Exter et al., 2004; Sandier et al., 2004; 
Glenngård et  al., 2005; Corsens, 2007; Vuorenkoski, 2008; Marchildon, 2013) were the 
most valuable sources. In addition, experts from the individual countries were contacted 
for confirmation and clarification.

Empirical strategy

Different expenditure control measures were implemented in different OECD member 
countries at different times. This allows us to make use of these differences across time and 
countries to isolate the associations of six types of expenditure control measures (Table 1) 
with PPE growth from confounding factors in the panel data setting. However, it is impor-
tant to note that this study design does not allow for a causal interpretation of the estimated 
coefficients. The nature of the data adds another dimension to the problems of the statisti-
cal analysis of this issue: first, an abundance of potential covariates may lead to overfitting 
of the statistical models. Second, due to incomplete country time series and the resulting 
sample selection, spatial methods cannot be used to deal with the problem of contem-
poraneous cross-sectional correlation. We, therefore, propose a study design that allows 
addressing both issues.

Error‑term correction

Levin-Lin-Chu tests (Levin et al., 2002) indicate a unit root in the level time series of the 
dependent variable.3 The continuous variables are therefore transformed in log-differences. 
Our statistical framework starts from the time-series cross-sectional model:

with i = 1,… ,N (countries), t = 1,… , T  (years). The variable yit is PPE in log-difference 
and X′

it
 is the set of log-differenced regressors given in Table 2, including a common inter-

cept, and D′

it
 is the set of dummy variables. The composite error term � ∼ N(0, �2�) , 

where � is a NT × NT  positive definite matrix, allows for group-wise heteroscedasticity, 
common first-order serial correlation and time-invariant cross-sectional correlation4:

(1)yit = X�

it
�1 + D�

it
�2 + �it

3 The null hypothesis of unit roots in the panel is not rejected without and with trend: p-value = 0.2656 and 
0.3066, respectively. The Levin–Lin–Chu unit-root tests with and without trend reject the null hypothesis 
for all log-differenced time series, thus excluding I(2)-processes.
4 A Breusch-Pagan test (Breusch & Pagan, 1979) for heteroscedasticity across panels rejects the null 
hypothesis of constant variance in the data in levels, but not in log-differences. The single log-differenced 
time series were tested for serial correlation using the bias-corrected Q(P)-statistics as proposed in Born 
and Breitung (Born & Breitung, 2016). The results suggest the presence of first-order autocorrelation in all 
but three time series (private pharmaceutical expenditure, and pharmacists and specialists per 1000 popu-
lation). The test is preferred to the Wooldridge test for autocorrelation in panel data (Wooldridge, 2002; 
Drukker, 2003), as it has more power in panels with small N. We model a common AR(1)-process of the 
error term as advised by Beck and Katz (1995) for models with moderate T. A Pesaran test of cross-sec-
tional independence (Pesaran, 2004) strongly suggests the presence of time-invariant cross-sectional cor-
relation in the log-differenced data.
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where |𝜌| < 1 is the common autocorrelation parameter and the zero-mean innovations uit 
are temporally independent and identically distributed.

The error covariance matrix of a balanced panel is given by

with

and

where � is the N × N panel-by-panel covariance matrix and � is the T × T  autocorrelation 
matrix.

Following Magnus & De Luca (2016) and Magnus et al. (2011), we correct for the non-
spherical disturbances by pre-multiplying equation (1) by an estimate of �−

1

2 under the 
normalization constraint trace(�) = n based on �̂� = �̂� ⊗ �̂�:

 with X̃�
= �̂�

−
1

2X� , and the independent and identically distributed errors �̃� = �̂�
−

1

2 𝜀 , all 
in the stacked form of dimension NT. Note that we have excluded the dummy variables 
D′ from the transformation to conserve their binary character as the pre-multiplication 
would otherwise only complicate the interpretation of the coefficient. Moreover, in con-
trast to the continuous covariates, the autocorrelation and cross-sectional correlation does 
not affect the policy dummies variables, justifying their exclusion. The estimates �̂� and �̂� 
are extracted from an estimation of the full linear model (1) including all continuous and 
dummy covariates with the PCSE-estimator [Panel-Corrected Standard Errors, see Beck 
and Katz (1995)], which preserves the Prais–Winsten transformation for autocorrelation 
but uses a sandwich estimator to incorporate cross-sectional dependence when calculating 
standard errors. The PCSE-estimator is shown to be the superior estimator in the current 
setting when the primary concern is hypothesis testing (Moundigbaye et al., 2018).

Weighted‑average least squares estimation

As numerous variables are potential candidates for inclusion in the regression model, the 
issue of model choice is not straight-forward to resolve and can have nonnegligible effects 
on the statistical properties of the estimators and hence the estimated coefficients (Magnus 
& Durbin, 1999; Danilov & Magnus, 2004; Moral-Benito, 2015). In this analysis, we use 

(2)�it = ��i,t−1 + uit

(3)𝛺 = E
[
𝜀𝜀�

]
= 𝛴 ⊗𝛱

(4)� =

⎡
⎢⎢⎢⎣

��,11 ��,12 ⋯ ��,1N
��,21 ��,22 ⋯ ��,2N
⋮ ⋮ ⋱ ⋮

��,N1 ��,N2 ⋯ ��,NN

⎤⎥⎥⎥⎦

(5)� =
1

1 − �2

⎡⎢⎢⎢⎢⎣

1 � �2 ⋯ �T−1

� 1 � ⋯ �T−2

�2 � 1 ⋯ �T−3

⋮ ⋮ ⋮ ⋱ ⋮

�T−1 �T−2 �T−3 ⋯ 1

⎤⎥⎥⎥⎥⎦

(6)ỹ = X̃�𝛽1 + D�𝛽2 + �̃�
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the weighted-average least squares (WALS) approach introduced by Magnus et  al. (2010) 
which combines Bayesian and frequentist estimators. We have chosen the WALS approach 
for this analysis as the combination of these features gives this model averaging estimator 
an edge over strictly Bayesian and strictly frequentist model averaging estimators: in con-
trast to strictly Bayesian approaches, theoretical considerations determine the choice of priors 
in WALS that relate to admissibility, bounded risk, robustness and near-optimality in terms 
of minimax regret (De Luca et al., 2018). In addition, WALS presents a more explicit and 
transparent treatment of ignorance in the choice of priors (Magnus et al., 2010). As WALS 
uses a semiorthogonal transformation of the regressors, the computational burden is greatly 
reduced compared to other Bayesian or frequentist alternatives. We use the implementation 
of WALS in STATA by De Luca & Magnus (2011) in combination with a data set containing 
the pre-multiplied time series as per Eq. (6). A key aspect of the model selection in WALS is 
the distinction between focus and auxiliary regressors, which was first introduced in Danilov 
& Magnus (2004). The inclusion of focus regressors in the model is fixed based on theoreti-
cal considerations, while the inclusion of auxiliary regressors is mutable. Model uncertainty 
within this framework arises since different subsets of variables could be excluded from the 
model, leading to a trade-off between bias and precision in the estimators of the focus regres-
sors. Thus, model selection takes place over the subset of auxiliary regressors, kA , resulting 
in the model space M ∶= {Mj, j = 1,… , 2kA} with 2kA possible models. Rewriting equation 
(6), the model Mj can be expressed as:

where F̃j is the matrix of the kF (transformed) focus regressors, Ãj is the matrix of the kAj 
(transformed) auxiliary regressors, �F and �Aj are the corresponding parameters, and �̃�j is 
the vector of independent and identically distributed errors.

We fix the variables GDP, private pharmaceutical expenditure and the dummy for SHI 
systems as focus regressors. The remaining variables are considered auxiliary regres-
sors resulting in a model space of 524,288 models, or 1125 billion models when includ-
ing the country- and year-dummies. The policy variables were intentionally not chosen as 
focus regressors in order to avoid overfitting and ensure parsimony of the resulting model, 
although these are the main variables of interest.

In the key steps of the WALS estimation, the orthogonal kA × kA matrix P and a diago-
nal kA × kA matrix � are computed such that P�Ã�MF̃ÃP = 𝛬 , where MF̃ = I1 − F̃(F̃�F̃)−1F̃� 
is a symmetric and idempotent matrix (Magnus et  al., 2010). Using these matrices 
ZÃ = ÃP𝛬

−
1

2 and 𝛾Ã = 𝛬
1

2P�𝛽Ã are defined such that Z�

Ã
MF̃ZÃ = IkA and ZÃ𝛾Ã = Ã𝛽Ã . Apply-

ing the orthogonal transformation to the basic linear regression model (7) and using a 
Laplace estimator �̂�j for the theoretical t-ratio 𝜂j =

𝛾Ãj

𝜎𝜀
 based on the Laplace prior 

distribution

with c = log2 such that the prior median of �j is zero and the prior median of �2
j
 is one 

(which reflects the notion of ignorance in the choice of priors), the resulting WALS estima-
tors of the regression parameters 𝛽F̃ and 𝛽Ã are given by

(7)ỹ = F̃�𝛽F + Ã�

j
𝛽Aj + �̃�j

(8)�(�j;c) =
c

2
e−c|�j|

(9)
𝛽F̃ = (F̃�F̃)−1F̃�

(ỹ − Ã𝛽Ã)

𝛽Ã = sP𝛬
−

1

2 �̂�
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Table 3  Comparison t-ratios for the core (Europe) and extended sample (Europe + Canada and USA)

Note that the sample size size is reduced by 10 and 12 observations respectively, due to the inclusion of 
variables with a one-year lag
a Fixed inclusion
b Country-dummies for CAN, UK and USA omitted because of collinearity

Sample Europe Europe + 
Canada and 
USA

Europe Europe + 
Canada and 
USA

Dependent variable

Public pharmaceutical expenditure t-ratio t-ratio t-ratio t-ratio

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

Private pharmaceutical  expenditurea −11.20 −11.00 −11.15 −10.70
Constanta 1.43 1.46 1.69 0.98
GDPa 4.37 2.53 3.65 2.86
Electronic prescription system −2.41 −2.61 −0.13 0.00
SHIa −0.91 −1.50 −0.95 −0.25
Density MRI units 1.67 1.82 0.92 1.54
Pharmaceutical budget for physicians −1.00 −0.83 −1.96 −1.29
Generic substitution (lag) −1.58 −1.70 −0.71 −1.04
Density specialists −0.08 −0.81 0.14 −0.36
Density generalist medical practitioners −1.27 −1.17 −1.59 −1.96
Density physicians 0.81 1.12 0.75 1.24
Information on prescription behaviour −1.00 −1.53 −0.58 −0.88
Death rate malignant neoplasms 0.54 0.45 0.30 0.26
Density pharmacists 0.67 0.98 1.01 1.07
Density (acute) care beds −0.10 −0.88 0.30 −0.29
Reference price system (lag) −0.60 −0.48 −0.02 −0.23
Generic prescription −0.31 0.04 −0.45 0.08
Generic substitution 1.20 1.09 0.95 0.91
Reference price system 0.63 0.64 0.31 0.33
Life expectancy −0.61 −0.06 −0.60 0.30
Generic prescription (lag) 0.20 0.09 0.67 0.83
Prevalence of overweight in adults 1.83 1.90 1.01 0.38
Legislatively required HTA 0.11 0.08 −0.84 −0.88
N 240 288 240 288
Country- and time-fixed effects No No Yes Yes
Model space 524,288 models 1125 billion  modelsb
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where s is derived from the estimator s2
j
 for 𝜎2

�̃�
 in model Mj.

Results

Table 3 provides a comparison of the t-ratios of WALS regressions for the two samples 
with and without country- and year-dummies and Table  4 presents the respective coef-
ficient estimates. Columns (1) and (3) present the results for the core sample of European 
countries and columns (2) and (4) for the extended sample including Canada and the US. 
Note that as the WALS estimation is a model averaging technique and therefore, as Mag-
nus and De Luca (2016, p. 118)note, “does not select a single model out of the available 
set of models”, but rather allows each model to contribute information on the parameters 
of interest. Accordingly, we present the estimated coefficients of all potential control vari-
ables in Tables 3 and 4.

The results suggest that the effects most demand-side policy measures are not as clear 
once compared across countries. Electronic prescription has the highest absolute t-ratios of 
the policy measures under investigation when not including country- and year-dummies. It 
shows the strongest consistent estimated coefficient in the WALS regressions with around 
2.5% lower annual growth depending on the sample, though both size and significance van-
ish when including country- and year-dummies.

The estimated coefficient for pharmaceutical budgets and generic substitution (lagged 
by one year are of similar size (roughly 5% lower annual growth), but in contrast to elec-
tronic prescription are only significant at the 10%-level of confidence in the extended sam-
ple without country- and time-fixed effects (pharmaceutical budgets) and the core sample 
with country- and time-fixed effects (lagged generic substitution), respectively. Information 
systems on prescription behaviour have relatively high t-ratios in the core sample, but also 
fail to reach significance and the coefficient is somewhat smaller. It is a noteworthy result 
that reference price systems and generic prescription have only relatively low t-ratios and 
hence no statistically significant coefficients.

We further find a strong and highly significant association between a higher cost-shar-
ing and PPE growth, suggesting that a 1% increase in private pharmaceutical expendi-
ture growth reduces PPE growth by roughly 0.3%. It is of course by itself not a surpris-
ing finding that a higher share of private expenditure will ultimately lower the share of 
public expenditure. However, the size and significance of the coefficient are robust to 
both the inclusion of non-European countries in the sample as well as the inclusion of 
country- and year-dummies. Among the control variables, we find a positive association 
between GDP and PPE growth. The prevalence of overweight in the adult population as 
a proxy for chronic disease burden, and the density of MRI units as a proxy for techno-
logical progress have a minor positive association with PPE growth as well, though only 
when not including country- and year-dummies. In contrast, a higher density of general-
ist medical practitioners is associated with lower PPE growth, though the association is 
only significant in the extended sample when country- and year-dummies are included. 
For the remaining control variables we do not find statistically significant effects on PPE 
growth.
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Discussion

Rising pharmaceutical expenditure puts a strain on publicly financed healthcare systems, 
an issue that is expected to again gain relevance in the future after a period of relative calm, 
not least due to novel therapeutic approaches gradually becoming available (Belloni et al., 
2016). We analysed policies enacted in different countries over the course of 25 years in 
terms of their effectiveness to curb PPE growth for retail pharmaceuticals. Our empirical 
analysis suggests that reductions in retail PPE growth are achievable, both by patient-level 
cost-sharing schemes and demand-side control measures. But not all policy measures seem 
to have been equally successful, and what has worked in one country might not work as 
well in a different setting.

While some of our findings are well in line with the literature like the positive link 
between GDP and PPE growth (Shaikh & Gandjour, 2019; Clemente et al., 2008; Oku-
nade & Suraratdecha, 2006) or the negative link between patient cost-sharing and PPE 
growth, our results with respect to demand-side expenditure control measures are more 
unexpected. Only two physician-level behaviour expenditure control measures, elec-
tronic prescription and pharmaceutical budgets, have a statistically significant negative 
association with PPE growth, though the association depends both on the inclusion of 
country- and year-dummies in the statistical model as well as the sample choice. For 
information systems on prescription behaviour, we do not find an association with PPE 
growth in our analysis.

Among system-level substitution measures aiming at promoting the use of generics (i.e. 
generic substitution and generic prescription), only generic substitution (with a one-year 
lag) has notable t-ratios and has a significant association with PPE growth in the extended 
sample when including country- and year-dummies. For system-level price-control meas-
ures in the form of reference price systems, no significant association with PPE growth 
is identified. The latter is a particularly interesting finding, as reference price systems are 
widely used in OECD countries and studies like Acosta et  al. (2014) suggest that refer-
ence price systems can lead to a reduction of pharmaceutical expenditure in the short term 
by shifting use from cost-share drugs to reference drugs, although the authors themselves 
point to the low quality of the evidence. Our results hence suggest that the effectiveness of 
reforms depends on the timing and the context of their implementation, both of which is 
not adequately captured in meta-studies.

Our results highlight that with a relatively large impact, patient cost-sharing has been 
an effective policy tool to curb the growth of PPE, though it comes with a certain risk for 
social equity and increasing costs in other sectors down the line. Over the last years, several 
countries have increased patient cost-sharing for retail pharmaceuticals, including France 
and Sweden (Belloni et al., 2016). Patient cost-sharing affects PPE in several ways. First, 
an obvious effect is that, ceteris paribus, higher cost-sharing increases the share of private 
expenditure in total expenditure on pharmaceuticals shifting the balance between public 
and private expenditure. Second, cost-sharing can also influence patients’ consumption 
of pharmaceuticals, i.e higher cost-sharing could reduce patients’ use of pharmaceuticals. 
There are two sides to this coin: while in some instances, decreased use of pharmaceuticals 
can be desirable (for instance, if patients do not ask for antibiotics in cases where use might 
not be appropriate), adverse effects can occur if adherence to treatment plans is lowered 
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when drugs are less affordable due to higher cost-sharing (Austvoll-Dahlgren et al., 2008). 
The cost savings for PPE may hence be offset by increased costs of protracted treatment 
in other health-related budgets, e.g. when more expensive acute care is need that could 
have otherwise been avoided, as well as in other sectors, e.g. productivity losses through 
presenteeism or absenteeism. These adverse effects could be counterbalanced as patients 
might be more inclined to opt for lower-priced pharmaceuticals, i.e. generics, when the 
level of cost-sharing is high (Belloni et al., 2016). As empirical evidence from Korea sug-
gests, increased cost-sharing can contribute to lowering per patient expenditure on pharma-
ceuticals without notably affecting utilisation cost-sharing system within a country next to 
the availability of generic alternatives. It is not an unreasonable conjecture that lump-sum 
payments per package do not cause such effects. Patient cost-sharing schemes nevertheless 
bear a high risk of adverse societal effects as the financial burden imposed on patients can 
be substantial, especially in lower-income countries (Vogler et al., 2019). Hence, patient 
cost-sharing is far from being a "one-size-fits-all" solution. Accordingly, a wide spectrum 
of different cost-sharing schemes exists across OECD countries (Barnieh et  al., 2014; 
World Health Organization, 2018).

We want to briefly discuss some limitations pertaining to data and study design that we 
consider important for the interpretation of our results. By aggregating cost control policies 
into the six principal categories, some informational content is necessarily lost. An exam-
ple would be that reference price systems differ in details between countries. In our study 
design, we make a trade-off between informational content and usability of the policy 
variables to ensure that a meaningful interpretation of the results is possible. Insufficient 
aggregation limits the power of the statistical inference as the number of observations is 
reduced. In case policy variables coincide with country variables, the estimated significant 
policy effects could be masked by unobserved country-specific characteristics. Moreover, 
although our study design always provides a counter-factual for the different policy meas-
ures to be compared against, the estimated effects cannot be interpreted as causal. Several 
cost containment measures also had to be omitted from the analysis for practical reasons, 
for instance in case of pilot projects, or policies targeting only specific types of pharma-
ceuticals, or when the policy itself cannot be observed, like in the case of country-specific 
price differentials due to rebates. Espin et  al. (2018) suggest that the latter in particular 
have a strong impact in the forecasting the growth of pharmaceutical expenditure. Indeed, 
confidential and complex discounts have become more widespread over recent years, but 
more often concern speciality drugs than primary care drugs (Morgan et  al., 2017). We 
therefore expect a somehwat lower impact in the context of retail pharmaceuticals, which 
are the focus of our study.

Another important aspect of our study approach is that we are only able to include 
explicitly formulated policies in contrast to implicit cost-control measures. For instance, 
a country may not follow a formal generic substitution policy as defined in our study, 
but could yet otherwise incentivise the use of generics. To a certain extent, these effects 
should, however, be absorbed by the addition of country-specific dummies in the WALS 
regression. There may arguably exist additional synergies between cost control meas-
ures included in the study and those that could not be included. However, an exploration 
of these is beyond the scope of our study approach. Along these lines, a potential path 
for future research would be to account for the fact that there often is not one standard 
way of implementing a certain type of policy (e.g. indicative versus mandatory generic 
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prescription) and to focus cross-country panel-analysis on specific categories of poli-
cies to highlight best-practice examples, which may also allow exploration of synergies 
between individual policy measures.

The sample selection through the requirement of sufficiently complete time series may 
also distort the estimates given the comparatively small number of countries under inves-
tigation. A clear identification of the impact of some policy variables is further limited by 
relying on a small number of country observations only. In view of the limitations con-
cerning our study design, we stress that our results should be read as conflicting explora-
tive empirical evidence rather than definite evidence in favor of discarding specific pol-
icy measures. A further limitation of our approach is the impossibility of distinguishing 
between PPE reductions due to desired or undesired effects, for instance when the level of 
patient cost-sharing is increased. Last but not least, we want to stress again that the data 
used in our analysis do not cover medication dispensed in hospitals, therefore only policies 
affecting retail pharmaceutical expenditure outside hospitals are analysed and results must 
be interpreted accordingly. Overall, improving data availability would greatly strengthen 
the evidence base for policy making.

Policy makers must proceed with great care when implementing patient-level cost 
sharing schemes to ensure social equity. The importance of this aspect is vividly under-
lined by recent research of the WHO on unmet need and financial hardship in European 
healthcare systems (Thomson et al., 2019). To maximise impact while minimising adverse 
effects, reforms must be tailor-made to current circumstances and future developments 
within a country. That is, whether the level of patient cost-sharing is already high in a 
country to begin with, or if measures are in place to protect lower-income patients from 
adverse effects. Against this background, the introduction of demand-side measures target-
ing behaviour at the physician-level, or prices at the healthcare system-level, or fostering 
substitution of brand drugs with generics appears a safer choice regarding economic and 
social equity, even though their expected impact is likely more limited and may not be free 
of accompanying adverse effects either.

A Appendix

See Appendix Fig. 2.
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