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Abstract

Healthcare costs account for a substantial and steadily growing share of GDP. However, predict-

ing the growth of healthcare costs amounts to be a di�cult task due to complex time trends

and dependencies on economic measures such as wages and spatial di�erences. Using physician

data, this paper takes a machine learning approach towards predicting aggregate healthcare ex-

penditures. The contribution is twofold. First, machine learning techniques are shown to yield

improved forecasts. Compared to realized costs, the benchmark Random Forest model increases

prediction accuracy by 30%. Second, using simplistic data avoids having data and causality

issues. In a further exercise, we estimate the e�ect of the 2018 TARMED revision on aggregate

cost via Causal Forest. We discover that the reform resulted in aggregate savings of 0.36 billion

CHF, considerably less than the proposed savings target of 0.47 billion CHF.
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1 Introduction

Over the last 20 years, healthcare costs have risen substantially. In the US, aggregate

expenditures have been growing by roughly 5.7% per year accounting for 17.7% of the

Gross Domestic Product (GDP) in 2018 (CMS, 2020). For Switzerland, the same share

rose from 12.4% in 2007 to 17.1% in 2017 (OECD, 2019). Given that those expenditures

are at least partly publicly �nanced, governments incorporate growth trends into their

budget decisions. Thus, sophisticated predictions are of great importance. A large body

of existing studies tackles this issue by predictions based on patients data (e.g. DeSalvo

et al., 2009; Morid et al., 2019; Stearns and Norton, 2004).

Considering machine learning techniques, there are several approaches with respect

to predicting patients healthcare costs. A recent literature review can be found in Morid

et al. (2017). Generally, Gradient Boosting, Arti�cial Neural Networks and Ridge re-

gressions are shown to add valuable insights. Further, Yang et al. (2018) and Kim and

Park (2019) conclude that machine learning methods are important to identify high-cost

healthcare consumers. For Switzerland, Jödicke et al. (2019) showed that pharmacother-

apy is an important driver of overall expenditures with a Boosted Tree model performing

best. Another strand of the literature is concerned with predicting mortality by including

healthcare expenditures as predictors. However, Einav et al. (2018) �nd that machine

learning models have little predictive power, even when applied to evolved data. The

authors conclude that mortality is fundamentally unpredictable.

In Switzerland, the Swiss Economic Institute (KOF) provides forecasts of aggregate

healthcare costs. These models are based on aggregate data on population cohorts, physi-

cian density, female labor market participation, recent healthcare expenditures and pre-

dictions of wages as well as household incomes. Arguing that those variables are plausi-

bly exogenous, the KOF estimates future costs based on �rst di�erence OLS regressions

(Köthenbürger and Anderes, 2019) where the variables are chosen according to the Akaike

criterion. Roughly every six months, the KOF publishes updated cost predictions. These
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publications will build our benchmark results to compare our predictions to. The approach

of the present analysis di�ers from these existing predictions in two ways. First and fore-

most, using only a short panel of individual physician data and a small set of starting

variables, the models are not jeopardized by reverse causality or subject to data process-

ing and do not rely on multiple data sources. Second, the employed machine learning

techniques �exibly account for complicated patterns without making strong parametric

assumptions.

The contribution of this paper is threefold: (i) we propose a novel, tractable and

�exible prediction approach for healthcare costs, (ii) our predictions increase the accuracy

compared to the existing forecasts by 20% and (iii) we show how policy changes can be

evaluated using our proposed method.

The paper is structured as follows. The empirical strategy is outlined in Section

3 where the employed prediction techniques are presented as well. Section 4 provides

information on the data. The results are discussed in Section 5. Section 6 shows how

machine learning methods may be used to evaluate policy analysis. Speci�cally, we analyse

how a new tari� scheme, being in place from 1st January of 2018 on, changed overall costs.

Finally, Section 7 concludes.

2 Motivation

The quality of predictions is subject to available information aswell as the correct spec-

i�cation of the forecast mechanism. If the information set is increased, then a correctly

speci�ed model will yield more accurate predictions. Consider the case of observing p+ 1

random variables such that the information set is given by F = σ(x1, ...,xp). Consider

a regression framework where Y is the (dependent) random variable given by a vector

y while the (X1, ..., Xp) are explanatory variables. The canonical regression estimate is

then ỹ1 = f(X1, ..., Xp) = E(Y |X1 = x1, ..., Xp = xp). We could decide to use only a

subset G ⊂ F . If, for instance, G = F \ Xp, then an alternative estimate is given by
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ỹ2 = h(X1, ..., Xp−1) = E(Y |X1 = x1, ..., Xp = xp). If E(Y 2) < ∞ it follows that almost

surely

E((Y − f(X1, ..., Xp))
2|X1, ..., Xp−1) = E(Y 2|G)− E((E(Y |F)2|G) (1)

≤ E(Y 2|G)− E(Y |F)2 (2)

= E((Y − h(X1, ..., Xp−1))
2|X1, ...Xp−1) (3)

which is due to the conditional Jensen inequality. It directly follows that the larger

information set also yields weakly smaller unconditional squared error:

E((Y − f(X1, ..., Xp))
2) ≤ E((Y − f(X1, ..., Xp−1))

2). (4)

Thus, using the larger information set when estimating a regression is bene�cial for

predictions. Besides regressions in �rst di�erences, time series models are often employed

in order to forecast economic variables. A variation of the argument above holds also

for predictions based on time series models like ARMA(X). So far, we abstracted from

two important restrictions. i) we have to correctly specify a model and ii) the above

result is only valid in asymptotics (if n → ∞ or n = population) as there is no sample

uncertainty. While the two issues are closely interlinked in practice, their occurence

should be analyzed separately. i) and ii) are both present in the case of over�tting,

where information exhibiting spurios correlation for a small sample is incorporated into

the model.1 i) alone occurs if new information includes variables that are temselves

dependent on the same set of independent variables as the dependent variable Y .2 Such

simultaneity induces additional bias to the prediction through model misspeci�cation. ii)

alone happens when the sample is su�ciently small such that even when a model is not

misspeci�ed (the functional form might be correct) generalization of the estimated e�ects

1Spurios correlation in small samples even lead to non-mainstream research areas. Sunspots for
instance have been linked to cycles in economic variables since Herschel (1801) observed a relationship
between the price of wheat and solar �are activity.

2Formally, this translates to a violation of strict exogeneity in the Gauss-Markov Theorem, E(εi|F) 6=
0. Under some circumstances the issue can be resolved with instrumental variable techniques.
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is poor. In summary, gathering and using more information about the process one is

interested in forecasting is bene�cial even if it requires greater care in modeling and a

paradigm shift towards non-classical information sources. For practical applications, the

issue of sample uncertainty diminishes with �big datasets� that even equal the population.3

The challenge of correctly specifying a forecasting model increases with the available

information set. Examples include Medeiros et al. (2019) exploiting large macroeconomics

datasets via machine learning to to predict US CPI-in�ation, Henderson et al. (2012) use

satellite derived nightlight activity to forecast regional GDP growth in Africa and Varian

(2014) examining the e�ect of an applicants characteristics on her probability of getting

a mortgage.

3 Empirical Strategy

We will decompose our prediction algorithm into two separate parts: (i) a prediction

on how many physicians will be active in the future and (ii) on the costs of a single

physician. As we will employ di�erent techniques for either channel, we present the

according strategies in the following.

3.1 Dynamic Panel Modelling

Conceptually, we will predict the number of practising physicians based on two opposed

assumptions. On one hand, we will assume that the number of physicians stays constant.

On the other hand, we will assume that the number of physicians follows a linear time

trend. Formally, the �rst assumptions is represented in the following equation.

ÑA1,s,c,t = Ns,c,t0 , where t > t0 (5)

3Even in such cases, high dimensionality in the number of regressors p can be problematic since the
sample density is given by N1/p
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and N represents the actual and Ñ the predicted number of physicians in specialty s,

canton c in a given month t. Further, t0 represents the month when the prediction is

formed and A1 indicates that this is the predicted number of physicians under assumption

1. The �rst assumption may serve as a good starting point but is likely to be inaccurate,

especially for long run prediction. Thus, we add a dynamic part to our prediction by

forming a linear trend on the national wide specialty level. Accordingly, the second

assumption can be written as

ÑA2,s,c,t = fs,c,t0(α̂s,t<t0 + β̂s,t<t0 · t) (6)

where fs,c,t0 is the fraction physicians in specialty s and canton c compared to all physicians

of that specialty in Switzerland. Further, note that αs,t<t0 and βs,t<t0 are the regression

coe�cients of Ns,t<t0 = αs,t<t0 + βs,t<t0t.
4 We decided to predict on a national level

as in some cantons we only observe very few physicians. With respect to the second

assumption, note that it would also be feasible to assume a more involved function than a

simple trend. However, in that case, our model is likely to over�t as we only observe the

number of physicians on a canton-specialty level. Thus, it is conservative to take a stylized

model. In the following, we propose to use a weighted average of the two assumptions.

Further, we suggest that the weight of the linear trend assumption, δ, should be higher

when forming predictions about the far future. In contrast, one-year ahead predictions

may perform well with a low value of δ. We propose to estimate three di�erent scenarios

which incorporate the following values of δ: 0.3, 0.5 and 0.7. Taken together, we will

predict the number of physicians according to equation (7).

Ñs,c,t = (1− δ)ÑA1,s,c,t + δÑA2,s,c,t (7)

4Technically, we only estimated a linear trend when we observed a positive number of physicians
of a given specialty at least in �ve time periods before t0. Otherwise, we switched to assumption 1 as
estimating a trend would be unreliable.
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3.2 Predicting the Cost of a Physician

As it is a priori unclear which variables and link functions may be crucial for the pre-

dictions, we have chosen to run a large variety of models which use di�erent selection

techniques. Apart from the standard Small Least Squares and Lasso models, we run

Post- and Plugin-Lasso, Ridge regressions, Elastic Nets as well as Random Forests and

Pruned Trees. The models can be categorized into a set of linear models with regular-

ization and models that employ �pure� machine learning. The former can be motivated

from standard regression theory while the latter have their roots in decision theory and

computer science.5

The Lasso regression is suitable if the data is �dense� such that few variables are

important drivers of the expenditures. Ridge regression on the other side works well if

the data is �sparse� such that many variables contribute little to the expenditures. The

Elastic Net, as a combination of Lasso and Ridge, captures both �dense� and �sparse�

e�ects - though it performs inferior if the data is mostly one or the other. Further, we

consider two improved versions of the Lasso: the Plug-In Lasso of Belloni et al. (2012)

that is valid with non-Gaussian errors and the Post-Lasso of Belloni et al. (2013) which

has a smaller bias than the Plug-In Lasso.

The Pruned Tree partitions the sample space via greedy algorithm and performs well

if non-linear and complex interactions e�ect the outcome. We employ a stopping rule such

that every partition contains at least 20 observations and use cost-complexity pruning to

avoid over�tting. A Random Forest model is an assembly of Trees that overcomes the

issue of path-dependency of the greedy algorithm and results in a more robust model. We

grow 100 Trees where at every partitioning split, only a randomly drawn set m ≈ √p of

the p predictors is considered. Predictions are then averaged over the 100 Trees.

The data input for our models contains dummies for year, month, physician specialty,

canton, hospital and, for the regression based techniques, the �rst order interactions be-

5Hastie et al. (2009) provides a thorough introduction to machine learning methods from a statistical
point of view.
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tween year and canton. In a �rst step we try to select the most promising methods.

We compare the models in their 5-fold Cross-Validation predicted Mean Squared Error

(MSE). The preferred models are then used to make predictions that mirror the KOF pre-

dictions. For our sample period, the KOF released four publications of health cost growth

in Switzerland: in June 2015, November 2015, June 2016 and November 2016.6 In each of

these publications, the KOF makes current year, one year ahead and sometimes two year

ahead predictions. Given the nature of our data, we belief that current year predictions

should be made rather with current billings than a predictive model. Consequently, the

2016, 2017 and 2018 KOF predictions are our benchmark. Two KOF reports predict each

the cost growth in 2016 and 2017 but only November 2016 report predicts 2018 for a total

5 benchmarks.

4 Data

The present study employs an physician panel dataset based on monthly entries from

2014 to 2018. The data is provided by the health insurance association SASIS AG.

Originally, the source of the data are individual claims covered by the Mandatory Health

Insurance (MHI). Further, the data only covers services provided by physicians working

in the outpatient sector. Those services are priced according to tari� scheme called

TARMED, a contract between the healthcare providers and the insurance companies. The

data is simplistic in the sense that it only captures �ve variables which are the monthly

expenditures (CHF), the date, information on the physician specialty, a cantonal indicator

and whether or not the provider is a hospital or not.7 Tables V and VI in Appendix B

provide detailed information on how expenditures are distributed by physician specialties

and Cantons. An attractive feature of the data is that almost all insurance companies are

6Note that the publications from November 2015 and June 2016 are based on the same data. Thus,
we drop the �rst prediction to prevent redundancies and only use the more recent prediction as it should
be more accurate.

7There are around 50 di�erent physician specialties. However, the largest 10 account for about 75%
of all revenue. Those are GPs, psychiatrists, group practices, ophthalmologists, OB GYNs, radiologists,
pediatricians, medical practitioners, cardiologists and dermatologists (ordered by revenue). Further, note
that we only observe hospitals as one entity. Consequently, we treat them as a separate physician specialty.
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included. Thus, the data can be taken as representative for the Swiss population.

To ensure comparability of our predictions with the ones of the KOF, we limit ourselves

to data available up to the same publication date. However, as the physician data is lagged

by 6 months, we are using signi�cantly less current data. Further, we assume that the

pool of physicians stays constant.8 The newly published predictions of the KOF no longer

include speci�cs for the outpatient sector. Therefore, the latest comparable predictions

stem from the end of 2016. Finally, note that our data only captures costs covered by the

MHI whereas the KOF bases its predictions on the costs of the whole healthcare sector.

The di�erence is roughly 24% in terms of aggregate costs. To guarantee comparability

of all predictions, we thus only compare relative deviances from absolute costs. As a

benchmark of the actual costs, we utilize the realized expenditures published by the

Federal Statistical O�ce (FSO).9 On overview over the di�erent data samples can be

found in Table IV in Appendix B.

Starting from the 1st of January 2018, a revised tari� scheme is in place. Long-

lasting negotiations between payers and providers have been unsuccessful in reaching an

agreement on how the outdated scheme should be reformed. Thus, the Federal Council

intervened and decided to revise the TARMED announcing an annual saving target of

0.47 billion CHF which is roughly a 5% of overall costs. Thus, the time period a�ected by

this revision can hardy be compared to preceding expenditure patterns and is therefore

excluded from our baseline predictions. However, in an extension to pure cost predictions,

we analyze the e�ect of the reform in Section 6 by including a variable measuring the

physician's loss in revenue.

8More precisely, we assume that that all physicians working in one of the last three months before
our cut-o� date will keep on working. In this way, we are agnostic about physicians entering or leaving
the market.

9In particular, we use the data in FSO (2019b) and FSO (2019a) for the whole healthcare sector and
the costs covered by the MHI, respectively. Note that the FSO uses prediction trends to adjust their
aggregate values. Several changes in the employed data altered the costs with retrospective e�ects. We
decided to use the data published in 2019 but methodologically consistent with earlier years to ensure
comparability.
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5 Results

Table I reports 5-fold CV mean squared prediction error relative to the regular cross-

validation Lasso. Both Plug-in and Post Lasso perform exceptionally as well as Pruned

Tree and Random Forest models. Likely, tree-based methods are well suited for our pre-

diction exercise because the data mainly captures indicators. From the other models, the

Post-Lasso performs the best, though the di�erence appears to be marginal. With respect

to the chosen variables, Canton speci�c Hospital e�ects10 and the physician specialty of

Anesthesiology seem to be the most in�uential predictors. Table VII in Appendix B

provides detailed information on the relative importance of the predictors. Due to their

superior performance, we only consider the Pruned Tree, the Random Forest and the

Post-Lasso11 for the growth predictions that will be compared to the ones of the KOF.

Table I: 5-fold CV MSE

CV Lasso Plug-In Lasso Post Lasso Ridge Elastic-Net Pruned Tree Random Forest

MSE 1.0 0.970 0.970 1.0 1.0 0.975 0.980
SE 1.0 0.952 0.948 1.0 1.0 0.948 0.987

Notes: 5-fold CV mean squared prediction error and standard error relative to CV Lasso.

Table II shows that our models perform reasonably well compared to the KOF predic-

tion. As expected from the MSPE, the Random Forest model performs best. A δ = 0.5,

such that the synthetic sample is constructed to equal parts by the linear trend and the

current number of physicans, yields the lowest average error and a reduction in the bias.

Note also that our model performs worst in the �rst period and continuously imroves in

predictive accuracy. Given that in the �rst period, only 8 months of data in 2014 are used

to predict the costs in 2016, this is no surprise. In total, our Random Forest model out-

performs the KOF prediction having an average deviation of 2.3% (for the δ = 0.5 case)

compared to the KOF 3.3%. This result is remarkable because of two reasons. First and

foremost, simple out-of-the-box machine learning seems to outperform sophisticated pre-

10A result coming from the di�erent states of Hospital centralization in the Cantons
11Since the Post Lasso basically nests the Plug-In Lasso, we restrict ourselves here.
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dictions without any �ne-tuning. Second, the employed data is highly simpli�ed. There

is substantial room for improvement by additionally including broader economic mea-

sures into the prediction models. For instance by including a physican ID as additional

information would increase the performance even more.12

Table II: Results

δ = 0.3
Growth Prediction Growth Random Pruned Post-
BFS KOF SASIS Forest Tree Lasso

2016 Prediction March 2015 -1.4% 2.8% 5.0% 0.8% -1.8% 0.3%
2016 Prediction November 2015 -1.4% 3.8% 5.0% 7.0% 0.9% 2.8%
2017 Prediction November 2015 2.2% 4.0% 2.0% 2.6% -3.5% -1.0%
2017 Prediction May 2016 2.2% 4.1% 2.0% -0.7% -5.3% -5.4%
2018 Prediction May 2016 4.2% 0.3% -1.8% -6.6% -6.3%

Average Error 3.3% 2.3% 6.1% 4.8%

Bias 3.8% -1.3% -6.1% -6.1%

δ = 0.5
Growth Prediction Growth Random Pruned Post-
BFS KOF SASIS Forest Tree Lasso

2016 Prediction March 2015 -1.4% 2.8% 5.0% 1.0% -2.2% 0.5%
2016 Prediction November 2015 -1.4% 3.8% 5.0% 7.7% 1.2% 3.4%
2017 Prediction November 2015 2.2% 4.0% 2.0% 4.0% -2.8% 0.6%
2017 Prediction May 2016 2.2% 4.1% 2.0% 0.0% -4.9% -4.4%
2018 Prediction May 2016 4.2% 0.3% -0.4% -5.9% -4.9%

Average Error 3.3% 2.3% 5.8% 3.8%

Bias 3.8% -0.4% -5.8% -3.8%

δ = 0.7
Growth Prediction Growth Random Pruned Post-
BFS KOF SASIS Forest Tree Lasso

2016 Prediction March 2015 -1.4% 2.8% 5.0% -0.6% -4.1% -0.2%
2016 Prediction November 2015 -1.4% 3.8% 5.0% 6.8% 0.0% 3.5%
2017 Prediction November 2015 2.2% 4.0% 2.0% 3.6% -3.6% 1.2%
2017 Prediction May 2016 2.2% 4.1% 2.0% -0.8% -6.0% -4.3%
2018 Prediction May 2016 4.2% 0.3% -0.9% -6.7% -4.2%

Average Error 3.3% 2.6% 6.9% 3.6%

Bias 3.8% -1.9% -6.9% -3.6%

Notes: The KOF bases its predictions on all physicians and hospitals whereas the SASIS data only covers
services provided in the outpatient sector.

12For two reasons we decided against it. First, we want to rely on information that might be feasible
for a actual implementation - data privacy concerns on modelling retractable physicans costs would hinder
such implementation. Second, we do not aim to provide the best prediction possible but rather want to
demonstrate the possibilities and compare them in a �fair� setting.
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6 Reform 2018

This section aims at estimating the e�ect of the TARMED revision on aggregate costs.

For the speci�cs of the reform we refer the reader to the summary in Bischof and Meier

(2020). We do not intend to model individual physician behaviour as in other studies

(e.g. Clemens and Gottlieb, 2014), rather the focus lies on the proposed saving target of

0.47 billion CHF. Equation (8) speci�es how we identify the anticipated loss in revenue

for a provider i at time t.

∆revi,t =

∑S
s Q̂i,s,t · Pnew,s −

∑S
s Q̂i,s,t · Pold,s∑S

s Q̂i,s,t · Pold,s

(8)

Pold,s and Pnew,s refer to the old and new prices of service s and Q̂i,s,t represent predicted

quantities. These predictions are described in detail in Appendix A. Intuitively, ∆revi,t

measures what fraction of revenue a provider loses due to the reform. As the reform

is plausibly exogenous, we include ∆revi,t as continuous treatment into our model. Note

that all providers are treated, thus there is no classic control group. We estimate the e�ect

of the treatment ∆revi,t on monthly expenditures in a Causal Forest framework for two

reasons. First, the Causal Forest is able to recover valid heterogeneous treatment e�ects,

even with many covariates. Usual regression techniques, where complex interactions of

the treatment e�ect with covariates are infeasible, implicitly assume sparsity. Second,

the Causal Forest is �honest� in the sense that it yields valid con�dence bands. Honesty

is achieve by splitting the training sample into two parts where the �rst part is used

to construct the tree (including the CV step) and the second part for estimating the

treatment e�ects within the leaves of the tree. This contrasts conventional tree models

which use adaptive (one-step) estimation of partition and leaf e�ects.13

By assumption, the Causal Forest model request i.i.d. data. In the present case, we

argue that even though we use panel data, the monthly variation is substantial such that

13Additionally, several adjustments to the estimator, for which we refer to the original paper, are made
such that conditional average treatment can be obtained.
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�xed e�ects play a minor role. Since the reform a�ects all practitioners at the same time

such that the sample is the population, a causal forest model is applicable even though

the treatment is not randomized. Likely, the assumption on unconfoundedness of the

treatment is not violated as the regressors contain information physician specialty. The

latter is closely correlated with the treatment. The remaining variation in the treatment

is plausibly unrelated to unobservables. In Table III, we report the conditional average

partial e�ect (APE) developed in Athey et al. (2019). The conditional APE is statistically

signi�cant for both practitioners and hospitals and the e�ect size is larger for hospitals

than for practitioners. Aggregating the individual APE for 2018 yields a total saving

of 361 Mio. CHF. which is considerably lower than the proposed saving target of 470

Mio. CHF. This results is in line with others (e.g. Yip, 1998; Clemens and Gottlieb,

2014) arguing that physicians respond to price cuts by expanding their healthcare supply.

With respect to policy decisions, the presented results suggest that policy makers should

anticipate this behavioural response beyond the mechanical reduction of costs due to fee

cuts.

Table III: (Conditional) Average Partial E�ect

Estimate Std. Error Aggregate E�ect 2018

Practitioners -1'105.2 417.8 -134.1 Mio. CHF
Hospitals -33'484.2 6'917.6 -232.0 Mio. CHF
Total -1'702.1 426.3 -364.1 Mio. CHF

Notes: Conditional average partial e�ect of the causal forest for the 2018 TARMED
reform.

7 Conclusion

In this paper we introduced machine learning methods to improve upon existing healthcare

cost predictions in Switzerland. We �nd that the Random Forest outperforms current

models in a comparable setting. Predicting the next year health cost growth in six cases,

the Random Forests increases the accuracy of the estimate by almost 30%. This result
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is remarkable as we based our predictions on a short and simpli�ed panel data set of

physicians.

Further, we employed a machine learning method for causal inference of a cost and

billing revision in 2018. The Causal Forest directly incorporates heterogeneity in the

causal e�ect such that many covariates can be used to �t the model to the data. Cal-

culating the aggregate, average partial e�ect reveals that the proposed saving target was

missed by approximately 23%. This result con�rms existing �ndings on physician be-

haviour and suggests that policy makers should anticipate behavioural responses.

Our work demonstrates that machine learning techniques may provide promising tools

to predict healthcare costs. Alternative methods such as Support Vector Machines, Mul-

tivariate Adaptive Regression Splines and Neural Networks, known to have comparable

performance to the Random Forest, might be employed for such tasks and should therefore

be studied. Finally, future research may tackle hybrid models in a formalized manner.
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Appendix

A Prediction for Individual Quantities

We predict physician-speci�c service volume based on pre-reform observations. In a �rst

step, the aggregate average change in quantity was computed for service s and provider

type p (physician or hospital). In a second step, a percentage prediction for every service

and physician speciality pair was computed. Finally, it is assumed that all physicians and

all hospitals separately share the same percentage changes of their quantities.

Step 1: ∆Qp,s,j =
1

T/4

T/12∑
j

∆Qp,s,j+12k j ∈ {1, .., 12}

Step 2: %Q̂p,s,j2018 =
(
Qp,s,j2018−12 + ∆Qp,s,j

)
/Qp,s,j2018−12

Step 3: Q̂i,s,j2018 = (1 +Qi,s,j2018−12) %Q̂g,s,j2018
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B Tables

Table IV: Healthcare Costs (Mio. CHF), Di�erent Samples

2014 2015 2016 2017

KOF FSO
Physicians 8713 9308 9175 9374
Hospitals 6063 6303 6793 6956
Growth (%) 5.65 2.28 2.27

TARMED FSO
Physicians 6781 7175 7460 7778
Hospitals 4290 4533 4944 5127
Growth (%) 5.76 5.95 4.04

TARMED SASIS
Physicians 6051 6400 6719 6851
Hospitals 3473 3613 3899 3981
Growth (%) 5.13 6.04 2.03

Notes: The TARMED tari� only covers physicians working in the outpatient sector.
In contrast, the KOF bases its predictions on all physicians, thus, aggregate costs are
higher. Compared to the SASIS data, the FSO (2019a) additionally covers psycholo-
gists. Further, we had to assume how much of laboratory and radiological tests were
done in the outpatient sector. We assumed it to be the proportion of outpatient costs
to all healthcare costs.
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Table V: Healthcare Costs (Mio. CHF), 10 largest Pysician Specialties

2014 2015 2016 2017 2018
Abs. ∆% Abs. ∆% Abs. ∆% Abs. ∆% Abs. ∆%

Hospitals 3473 3613 4.03 3899 7.92 3981 2.1 3857 -3.11
General Practitioner 1537 1606 4.49 1591 -0.93 1525 -4.15 1509 -1.05
Psychiatrists 663 689 3.92 726 5.37 757 4.27 773 2.11
Group Practices 373 458 22.79 558 21.83 636 13.98 708 11.32
Ophthalmologists 520 554 6.54 591 6.68 623 5.41 598 -4.01
OB GYNs 393 411 4.58 425 3.41 422 -0.71 423 0.24
Radiologists 352 360 2.27 368 2.22 383 4.08 365 -4.7
Pediatricians 296 322 8.78 345 7.14 349 1.16 363 4.01
Medical Practitioner 238 267 12.18 284 6.37 290 2.11 288 -0.69
Cardiologists 191 199 4.19 212 6.53 224 5.66 226 0.89
Rest 1486 1534 3.23 1620 5.61 1640 1.23 1614 -1.59

Total 9522 10013 5.16 10619 6.05 10830 1.99 10724 -.98

Notes: Data: SASIS AG. The physician specialties are ordered by 2017 gross costs. Absolute costs refer
to Mio. CHF and the growth is measured in percentages.

Table VI: Healthcare Costs (Mio. CHF), 10 largest Cantons

2014 2015 2016 2017 2018

Abs. ∆% Abs. ∆% Abs. ∆% Abs. ∆% Abs. ∆%

ZH 1919 2013 4.9 2151 6.86 2190 1.81 2178 -0.55

BE 1165 1228 5.41 1281 4.32 1297 1.25 1276 -1.62

VD 1087 1140 4.88 1219 6.93 1249 2.46 1218 -2.48

GE 780 831 6.54 887 6.74 910 2.59 904 -0.66

AG 616 647 5.03 686 6.03 699 1.9 696 -0.43

SG 507 527 3.94 556 5.5 564 1.44 559 -0.89

TI 406 430 5.91 458 6.51 475 3.71 484 1.89

LU 423 437 3.31 460 5.26 474 3.04 467 -1.48

BS 411 426 3.65 458 7.51 467 1.97 460 -1.5

BL 313 328 4.79 342 4.27 344 0.58 339 -1.45

Rest 1898 2005 5.64 2120 5.74 2165 2.12 2147 -0.83

Total 9525 10012 5.11 10618 6.05 10834 2.03 10728 -.98

Notes: Data: SASIS AG. The Cantons are ordered by 2017 gross costs. Absolute costs refer to Mio.
CHF and the growth is measured in percentages.
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Table VII: Variable Importance

Model

OLS CV Lasso CV Ridge CV Elastic Net

1 Date (158.3) SO×H (1.1) SO×H (1.1) SO×H (1.0)
2 SO×H (1.5) H (0.78) LU×H (0.51) H (0.72)
3 H (1.1) Pneumology (0.33) FR×H (0.44) Pneumology (0.31)
4 HMO-Group (0.58) LU×H (0.33) Inner Medicin (0.41) LU×H (0.27)
5 Pathology (0.54) Anesthesiology (0.15) BS×H (0.32) Anesthesiology (0.13)
6 LU×H (0.52) VD×H (0.1) SG×H (0.31) VD×H (0.09)
7 Hand-Surgery (0.46) BS×H (0.08) VD×H (0.28) BE×H (0.04)
8 Vascular-Surgery (0.45) FR×H (0.06) BE×H (0.26) BS×H (0.03)
9 Public Health (0.43) BE×H (0.06) TI×H (0.23) SG×H (0.02)
10 Plastical-Surgery (0.42) SG×H (0.06) Pneumology (0.22) Radiology (0.01)

Model

Plug-In Lasso Post Lasso Pruned Tree Random Forest

1 H (1.0) SO×H (1.5) Pneumology Anesthesiology
2 SO×H (0.8) H (1.1) Anesthesiology H
3 Pneumology (0.34) Pneumology (0.38) H Pneumology
4 Inner Medicin (0.29) Inner Medicin (0.38) VS VS×H
5 Anesthesiology (0.17) Anesthesiology (0.22) VD VS
6 Radiology (0.1) Pathology (0.12) GE BE×H
7 Pathology (0.1) Radiology (0.11) LU TI×H
8 HMO-Group (0.09) HMO-Group (0.09) BE VD×H
9 Nuclearmedicin (0.05) Nuclearmedicin (0.09) Radio-Onkology BE
10 Radio-Onkology (0.05) Radio-Onkology (0.08) TI MONTH

Notes: With coe�cients in Mio. CHF if available. For the Tree based models, we report the 10 most
important variables by measuring the total decrease in node impurities from splitting on the variable.
For the regression based methods, we report the 10 variables with largest coe�cients without weighting.
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