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Abstract

This paper contributes to the analysis of policy measures that attempt to reduce health 
care expenditures of insurers. We examine the impact of a cash bonus program for 
preventive health behavior of a German health insurer on prevention eff ort and health 
care expenditures using a unique administrative dataset that covers all insurants of the 
health insurer between 2003 and 2008. We fi nd that the program has been successful 
in both increasing individual prevention eff ort and achieving net savings every year 
since its implementation in 2004. However, while the estimated eff ect on health care 
expenditures is statistically signifi cant in the fi rst year, the eff ects for the second, third, 
and fourth years turn insignifi cant. In the fi fth year, results for net savings are sensitive 
in terms of statistical signifi cance when accounting for dynamic selection into the 
treatment.
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1 Introduction

For decades, health expenditures in the majority of industrialized countries have been rising with

growth rates higher than GDP growth rates, challenging the sustainability of financing the health

care system. Effective policy measures to stabilize health care expenditures have been insuffi-

ciently studied. An obvious and popularly suggested measure is to improve public health by

increasing prevention efforts. For instance, the World Health Organization has demanded that

governments create an economic, social, and institutional environment that promotes risk pre-

vention (WHO 2002 and IUHP 1999).

Several countries have adopted national risk-prevention strategies and have implemented

health care reforms that support healthy living (Weinbrenner et al. 2007). Germany, for instance,

implemented the Statutory Health Insurance Modernization Act in 2004 which allowed insurers

to award bonuses to their clients who participate in preventive measures. Today, the majority of

German health insurers offer such bonus programs.

The present paper evaluates a cash bonus program for health prevention of a large public

health insurance company in Germany. By contrasting the estimated program savings with its

costs, we aim to answer the question of whether health prevention actually results in reduced

health care expenditures as it is often suggested. From an economic perspective, the promotion

of health-conscious behavior is justified if individuals fail to achieve optimal levels of health pre-

vention. For instance, individuals with non-constant discounting or patients who fear the results

of medical tests have been shown to engage insufficiently in preventive measures (Byrne and

Thompson 2001, Wu 2003). Moreover, individuals may underinvest in preventive measures be-

cause some of the benefits do not accrue to them. An example are vaccinations which generate

positive externalities (Giuffrida and Gravelle 1998).

The empirical literature that documents the effectiveness of financial incentives to increase
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participation in preventive measures is extensive. In a survey, Achat et al. (1999) find that in-

centives effectively increase immunization uptake. In a randomized trial, Slater et al. (2005) find

similar results for preventive-screening engagement. Charness and Gneezy (2009) go one step

further and perform a randomized experiment to test the effectiveness of financial bonuses in

raising gym attendance and their impact on allied health indicators. They conclude that bonus

payments increase total physical activity, yielding health improvements. Similarly, based on data

retrieved from a randomized experiment, Augurzky et al. (2012) establish that financial incentives

contingent on weight loss are effective.

Cash bonus programs for health prevention have been previously evaluated. Stock et al. (2010)

carry out an empirical cost-benefit analysis of another sickness fund’s bonus program for preven-

tive health behavior.1 They find that the health insurer saved e 177 per year for insurants who

participated in check-ups, prevention courses, immunization, and exercises during three years.

Taking program costs into account, net savings amounted to approximately e 100 per year and

participant. Friedrichs et al. (2009) find average benefits of e 130 per participating insured for the

bonus programs of 74 German company health insurance funds.

We improve upon these previous works in two important ways. First, we rely on data which

provide a much more precise picture of the insured’s morbidity. Second, we examine whether

our results are robust with respect to a dynamic extension of the econometric model, revisiting

the findings of Stock et al. (2010) and Friedrichs et al. (2009). Since individuals may select into the

bonus program during several years, the outcome in one year possibly determines subsequent

program participation decisions. This could affect the estimates of the benefits of participating

during more than one year in the program. Our analysis examines the general importance of

accounting for dynamic selection patterns in applied causal treatment evaluation studies, con-

tributing to novel developments in causal analysis.

1In particular, Stock et al. (2010) evaluate the bonus program of BARMER (now BARMER-GEK).
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The remainder of the paper is organized as follows. Section 2 describes the bonus program

under study and the data. In Section 3, we present the estimation strategy. The empirical results

are reported in Section 4, and Section 5 concludes.

2 The bonus program and data

The prevention bonus program under study is designed in order to meet the legal requirements

stated in § 65a of the German Social Code Book V. The program offers four types of interventions:

check-ups and screenings (three interventions), immunization (one intervention), primary pre-

vention (four interventions), and exercise (two interventions). Table 1 gives an overview. Check-

ups and screening interventions are composed of check-ups for children, prenatal care, male and

female adult screenings for risk factors and onset of chronic diseases, including cancer screenings

for both men and women. Predominantly, screenings address cardiovascular diseases, diabetes,

and breast (women) and prostate (men) cancers. The immunization intervention consists of a

full vaccine protection where the physician verifies whether participants are protected against a

pre-defined set of diseases. If participants lack immunization against a certain illness, the physi-

cian advises them to get vaccinated; otherwise, they fail the immunization criterion. Similarly,

the physician confirms the non-smoking status and the normal-weight status after verifying that

participants have not smoked during the last six months and that they have a current body mass

index (BMI) between 21 and 27 points. Exercise interventions consist of participating in accredited

exercise classes, having a membership in sports clubs or fitness studios, or earning the German

sports badge.2

— Table 1 —

2The German sports badge is a decoration of the German Olympic Sports Federation approving the completion of
certain requirements for swimming, jumping power, speed, physical strength, and endurance.
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Any member who successfully engages in three obligatory and in two elective measures re-

ceives a reduction of the contribution rate of e 40 per year. While all check-ups and screenings

constitute obligatory measures, the remaining six interventions are elective. Interventions are

generally required annually except the male and female adult check-ups, which are mandatory

only every second year. Men and women who engaged in these check-ups during the previous

year fulfill the criteria automatically. Check-ups, screenings, the basic set of vaccinations, the con-

firmation of the non-smoking status, and the BMI are covered by the health insurer. Licensed

exercise and prevention courses are usually co-financed by the health insurer. The cost for the

German sports badge is marginal.

The prevention bonus program was advertised by the sickness fund in newsletters for mem-

bers. Detailed information and application forms, the so-called “bonus book”, were sent on re-

quest. All insurants above the age of 16 can opt into the program. Bonus payments are awarded

only if the bonus book contains stamps given by the providers of the distinct prevention measures

confirming successful participation. Once a year, participants have to hand in their bonus book.

If not, they are presumed to have quit the program.

In 2004, 1,011 insured individuals joined the bonus program, of whom 603 continued in 2005

(Table 2).3 Finally, 357 insured continually participated throughout the period 2004-2008. The

total number of participants per year increased constantly, except for 2006, when the number rose

steeply (probably due to a rise of the bonus from e 40 to e 50 in January).

— Table 2 —

Our unique panel dataset derives from administrative sources. It covers all insurants of the

health insurer; it includes a wide range of information at the individual level over the period

2003–2008. The data provide very extensive information about yearly expenses for hospital care,

prescription drugs, work incapacity, and other services which include, for example, therapeutic

3For the sample exclusion restrictions and the sample description, see Section 2.
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and rehabilitation measures. Information about the expenses on prevention courses is particu-

larly helpful because it allows examining whether the program increases individual prevention

effort. If prevention effort actually rises, we can expect the program to affect health expenditures

and the health status of participants. Moreover, the data provide information on several morbid-

ity indicators, such as the primary International Classification of Diseases (ICD)-10 diagnosis of

work incapacity, the ICD-10 hospital discharge diagnosis, and the Anatomical Therapeutic Chem-

ical (ATC) code of prescribed drugs. While the data on work incapacity and hospital diagnoses

are used to construct dummy variables on the three-digit level, we generate a count variable with

the number of drug prescriptions for each main ATC category. All hospital information is under-

reported for the years 2003 and 2004 because hospitals were obliged to provide information about

hospital treatments only starting from July 2004. But, in 2004, many were not yet prepared to do

so.4

We also observe whether insurants successfully participated in the bonus program in a partic-

ular year, i.e., whether they qualified for the bonus payment. Furthermore, the dataset provides

information on personal characteristics. However, only information on the family structure of the

insured, such as the number of children or having a partner, is available on a yearly basis. All

other personal characteristics are only known at the time when the bonus program was launched.

The variables are sex, age, living in East Germany5, educational level6, the type of occupation,7

which indicates the required skills at work, and the sector of occupation.8 Unfortunately, we have

no information on the income level, but we assume that education, the type of occupation, and

the sector of occupation jointly proxy for the income level. Nevertheless, the income level should

4For more details about the reporting obligation, see the German Social Code Book V § 301.
5Frequently, this variable bases on the place of employment instead of the residence.
6No professional education, professional education, senior high school, technical college and university.
7Unskilled blue-collar workers, skilled blue-collar workers, white-collar workers, employees with part time jobs (mini-

and midi-jobs), and trainees. Technicians and the so-called “homeworkers” are assigned into the group of skilled blue-
collar and white-collar workers, respectively.

8Manufacturing, metallic, engineering, social service sector, administration services, and the remaining services.
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not significantly affect the demand for health services because co-payments are low.9

We exclude all insurants from the analysis who exit or enter the insurer during 2003 and 2008,

i.e., if they are not insured with the health insurer at least 350 days in every period. For reasons

of comparability, we standardize the cost data to present the average over 365 days. After these

exclusions, 58,618 individuals and 351,708 person–time observations remain.

Table 3 gives an overview of the descriptive statistics. In the sample, there are 3.5 percent

unemployed individuals, 8.1 percent pensioners and 14.5 percent co-insured. The majority has

professional training alone (40 percent), around 3 percent hold a technical-college degree, and 5

percent a university degree. The majority of the insured are white-collar workers (30 percent),

while 20 percent are blue-collar workers. The insured have, on average, 0.11 co-insured children,

which seems to be very low. When considering only insurants above the age of 18 with a partner,

the average number of co-insured children rises to 0.86.

The table further displays the mean for different health expenditures per insurants and year.

Hospital expenses are the most substantial (e 487). On average, they amount to approximately 48

percent of total health expenditures. Expenses on pharmaceuticals (e 224) are the second-largest

cost category (27 percent in 2005 and 32 percent in 2008). Work inability payments comprise

around 14 percent of total health expenditures. In Germany, employers pay the full salary dur-

ing the first six weeks of sick leave. Afterwards, the health insurance covers 70 percent of gross

income. With arounde 1.9 per insured expenses for prevention courses were relatively low. How-

ever, since 2005, they have increased constantly by roughly e 1 per year, i.e., 86 percent p.a. on

average.

9For the co-insured, i.e., family members who do not have to pay the insurance premium, the unemployed, and the
pensioners, we neither observe their educational background nor their occupational skills. In order not to lose these
observations, we include indicator variables for being co-insured, unemployed, and pensioner. Data on either education
or the sector of occupation is missing for a few observations. Some are lacking information on the sector of occupation as
well. Thus, we include three additional dummy variables: one indicating insured with missing information on education,
one for missing information on the type of occupation, and a third one for missing information on education, the type of
occupation and the sector of occupation. Also for the unemployed, for instance, all three dummy variables (“educational
information missing”, “sectoral information missing” and “educational and occupational information missing”) take on
the value 1.
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— Table 3 —

Unfortunately, the dataset does not provide any information about expenditures for outpatient

services, in particular doctor visits.10 Thus, we do not observe whether there are any substitution

effects from inpatient to outpatient services due to the bonus program (or vice versa).11 Neverthe-

less, substitution effects should not show up in the balances of the health insurer. This is because,

until 2008, total remuneration was paid in advance for the following year as a per head capitation

fee. Thus, the whole budget was fixed and in the short term, costs associated with doctor visits

should not be affected by the bonus program.

If program participation were assigned randomly in every period, individual characteristics

and pre-treatment outcomes of participants and non-participants would most likely be balanced.

In this study, however, program participation depends on individual choice. It is probable that

different individuals make different enrollment choices. For illustrative purposes, we describe the

differences between participants and nonparticipants in their individual characteristics in Table

4. Because individuals can have different participation states during 2004 and 2008 depending on

their enrollment decisions, we compare those individuals who entered the program in the first

year with those who did not, regardless of their later participation choices. We focus on the pre-

treatment values of the whole set of covariates including the pre-treatment health care expendi-

tures in different areas of health. These variables are potential correlates of both the participation

decision and the post-treatment health outcomes under study.

— Table 4 —

10Expenditures for outpatient medical care averaged e 38.4 billion in 2007, representing 15.2 percent of total German
health care expenditures (KBV 2009).

11One may think of a program participant with a curable cancer who takes part in the obligatory screening measures of
the bonus program. Once cancer is detected, the next step is usually a surgery. The same insurant in the alternative sce-
nario of non-participation would possibly show up at the general practitioner with certain health complaints some months
later and maybe many more times until the cancer is finally diagnosed. Thus, taking part in the screening determines in
which cost categories health expenses come from.
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Columns (1) to (4) of Table 4 present the mean of the personal characteristics of program par-

ticipants and non-participants in 2004. Program participants have higher mean expenditures for

pharmaceuticals and medical utilities. They also seem to have attended prevention courses more

often prior to the program launch. This is in line with expectations because these individuals

benefit from windfall gains and are simultaneously more likely to invest in their health. More-

over, program participants are significantly older, have better education, and work in jobs which

require higher skills. Among the participants, there are more women, more insured from East

Germany, and the shares of unemployed and co-insured are smaller. Participants are also more

likely to work in the service sector.

3 Estimation strategy

We briefly describe the methodological approach pursued in this paper which is a combination

of a difference-in-differences (DiD) and an inverse-probability-weighting (IPW) estimator with

regression adjustment. The goal is to identify the average treatment effect on the treated (ATET),

i.e., the average effect of participating in the bonus program on the health expenditures of pro-

gram participants. The ATET is of primary interest here because it represents the target group of

such prevention programs.12 It is the difference between the observable outcome of the program

participants and their unobservable counterfactual outcome had they not participated.

Computing a credible estimate of the counterfactual outcome is the main evaluation problem.

A simple approach is to take the outcome of a non-participant. However, this is only valid if

selection into the bonus program is random, which is not the case here. Therefore, it is neces-

sary to account for the potential selection bias. In this paper, we use the method of propensity-

score weighting (Rosenbaum and Rubin 1983, Hirano and Imbens 2001). It constructs a pseudo-

12Average treatment effects, on the other hand, provide information about the saving potential when all insured indi-
viduals take part in the program rather than the subgroup of insured who self-select into the program.

11



population by weighting individuals with the inverse of their estimated probability of program

participation. Then, this so-called IPW estimator is simply the difference of the weighted means

of the outcomes of participants and non-participants.

The IPW estimator is based on the assumption of unconfoundedness of the treatment assign-

ment with the potential outcomes conditional on the propensity score. This assumption requires

all variables that affect the likelihood of receiving the treatment to be observed and accounted

for in the estimation of the propensity scores. Since the dataset provides extensive information

on personal characteristics and on health conditions, we are confident that we are able to control

for the relevant factors that affect the participation decision.13 If, conditional on these variables,

selection into treatment can be considered as a random event, the difference between outcomes

of the treatment and the comparison groups is a consistent estimate of the ATET.

Robins and Rotnitzky (1995) show that estimation yields consistent results as long as the con-

ditional mean of the outcomes given the covariates is correctly specified (see also Rubin, 1979;

Joffe et al., 2004). This opens an alternative way of dealing with the problem of selection into

treatment which consists of including all factors that influence the outcome as covariates in the

regression of the outcome variable on the treatment indicator (without weighting). We refer to

this approach as regression adjustment. As suggested by Hirano and Imbens (2001), a third way

is the combination of IPW estimation with regression adjustment, where the weights are esti-

mated based only on those covariates that are relevant determinants of the enrollment decision.14

Apart from the treatment indicator, all covariates that have a considerable influence on the out-

come variable are included in the regression adjustment. This procedure increases the common

support without sacrificing consistency. Thus, it allows us to include more observations in the

analysis which become scarce in subsequent investigations.

13Since hospital information for the years 2003 is underreported, the number of hospital visits, the length of stay in the
hospital, the total spending on hospitals, and any three-digit ICD-10 hospital discharge diagnosis are not considered as
covariates.

14Augurzky and Schmidt (2001) show that including only those covariates in the propensity score estimation that are
necessary in terms of their impact on the selection into treatment is a convenient strategy to increase the common support.
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More specifically, following the same approach described by Hirano and Imbens (2001), we

include only those covariates into the propensity-score estimation which have a significant slope

coefficient at the 5-percent level in each bivariate regression of the treatment indicator and the

covariates. The regression adjustment is based on covariates with a significant slope coefficient at

the 5-percent level in the weighted bivariate regression with the outcome variable. As covariates

for the regression adjustment, only pre-treatment variables are included.15,16 Due to the under-

reporting of pre-treatment hospital data, we ex-ante exclude this information from the regression

adjustment.

Hirano and Imbens (2001) point out that this selection rule is easy to implement but not nec-

essarily optimal. For example, it does not take into account correlations between the different

covariates. But alternative options require an estimation of the basic models for all subsets of

regressors which is prohibitively expensive in terms of computing time. The advantage of this

procedure is the reduction of small sample as well as asymptotic bias of the IPW estimator (cf.,

Abadie and Imbens, 2006) increasing the robustness of the estimator.

In addition to controlling for selection into treatment, we apply the DiD estimator to calculate

the ATET. More precisely, we calculate the difference of the outcome variable Y in period t with

the outcome variable one year before the launch of the program (period 0): Yi,t − Yi,0. The DiD

estimator eliminates potential effects of time-invariant unobservables on the outcome variable.

The remaining bias can originate from only two sources: the considered groups may respond

differently to changes in the health care market and macroeconomic conditions but this is not

likely the case.

The panel structure of the dataset allows us to estimate the effect of participating in the bonus

15Hirano and Imbens (2001) only include those covariates into the estimation of the propensity score which are signifi-
cantly correlated with the treatment indicator. They observe a similar criterion for the regression adjustment. As selection
rule for the covariates, they look at the strength of the marginal correlation between the treatment and each of the co-
variates separately in the selection equation, and on the conditional correlation of the outcome and each of the covariates
given the treatment in the outcome equation. More precisely, they test the null hypothesis that the slope coefficient of each
bivariate regression is equal to zero.

16In line with Hirano and Imbens (2001), besides the covariates X of insured i, we include an interaction term of the
treatment indicator P with the covariates subtracted by their sample average

(
(Xi − Xi)× Pi

)
.
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program for more than one year. While in period 0, the bonus program has not yet started, in

period 1, the insured have two options: participation P and non-participation N. The same ap-

plies to all subsequent periods. This means that in the second period, four possible combinations

could occur: PP, PN, NP, NN. In the fifth year, there are 32 combinations, with insurants who

consistently participate during five consecutive years belonging to sequence PPPPP and those

who never participate to sequence NNNNN.

We are interested in the effect of participating during up to five consecutive years in the pro-

gram because engaging in prevention only once might hardly affect health outcomes, while con-

sistent program participation could produce the intended benefits. To clarify thoughts, consider

the effect of participating in period 2 (but not in period 1) on health expenditures in period 2

which we denote θNP;NN
2 and the effect of participating in both periods 1 and 2 on health ex-

penditures in period 2, which we consistently denote θPP;NN
2 . If the effectiveness of prevention

increases with the number of periods of continuous preventive engagement then θPP;NN
2 exceeds

θNP;NN
2 in absolute terms. To calculate θPP;NN

2 , we estimate the probability of participating in both

years Pr(PP) which is inverted and used as weight for individuals of sequence PP in the regres-

sion. Analogously, the weight for individuals of sequence NN is 1/ Pr(NN). The weights are

normalized to sum up to one. The difference of the weighted means of the change in the outcome

variable of individuals with sequence PP and those with NN all in the common support, i.e., the

intersection of the distributions of propensity scores for the participants and the non-participants,

yields θPP;NN
2 .17 A detailed description of the stepwise estimation procedure is described in the

Appendix.

For statistical inference, we compute standard errors by employing an estimated variance that

17In order to achieve comparability across the effects, all effects are estimated in a way that they apply to first-year

participants. Thus, a more complete formal notation would be θPP;NN
2 (P) and θNP;NN

2 (P), where the majuscule in paren-

thesis indicates to which treatment group the effects apply. Please note that the effects θPP;NN
2 (P) and θPP;NN

2 (N) apply to
two distinct groups of insured who are most likely different in several characteristics, wherefore, both effects most likely
differ. The establishment of the ATET requires that all weights are multiplied by Pr(P). Thus, the weight for individuals
of sequence NN, in fact, changes to Pr(P)/ Pr(NN) in the example above.
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exploits the fact that the mean potential outcomes are weighted means of the observed outcomes

in the respective sequences. Moreover, by estimating the variance and expectation conditional on

the weights, we explicitly acknowledge the randomness of the weights. This variance estimator

is suggested by Lechner (2009) and is based on the nearest-neighbor method. In line with Lechner

(2009), the number of neighbors is set to 2
√

N.

4 Results

4.1 Estimation of the program effects

In the last two columns of Table 4, we present results of the probit estimation for program partic-

ipation in the first year of the program, applying the control-variable selection rule. The results

confirm the above discussion about which individual characteristics determine enrollment in the

bonus program. All significant ICD-10 work inability diagnoses, among those dystonia and hy-

pertensive heart disease with (congestive) heart failure, are positively correlated with program

participation, indicating that enrollment is not predominantly an issue of healthy insurants. Fig-

ure 1 shows the distribution of the estimated propensity scores for program participants and

non-participants of 2004.18 The distribution for the non-participants is skewed to the left with a

very high density at propensity scores close to zero. On average, although program participants

have a higher propensity score than non-participants, it is still low. Thus, there is a substantial

overlap between both groups.

— Figure 1 —

18Although we did not define ex-ante reference categories due to the selection rule, for each of the category groups
(type of education, type of occupation, and sector of occupation), the reference groups consist of insurants with charac-
teristics that belong to one of the categories which are left out of the probit estimation. For instance, insurants that have a
professional training or a senior high school degree only constitute the reference category for the type of education in the
propensity score estimation of program participation in 2004 (cp. Table 4).
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Propensity-score weighting without regression adjustment already produces credible estimates

of the causal effects of treatment if balancing of the observable covariates is achieved. Columns (5)

to (8) of Table 4 show that weighting with the inverse of the estimated propensity scores achieves

a good balance of the covariates except for the number of inability cases. However, if this variable

is considerably correlated with any of the outcome variables, it will be corrected by the regression

adjustment, thus, reducing a potential bias in θP;N
1 .

Results from the DiD-IPW estimation of the effects on both total health care expenditures and

on the expenses for prevention courses for up to five years of participation are presented in Table

5. The expenses for prevention courses serve as proxies for changes in individual prevention

effort. In the first year of participation, participants spend, on average, e 3.94 more on prevention

courses than non-participants. This effect is significant and of substantial magnitude compared

to the sample average spending of e 2 in that year. While the effect on expenses for prevention

courses decreases in the second year of participation, its size slightly rises again in the third year.

In the fourth and fifth year, the effects are highest. Note that the actual prevention effort may be

even larger because some participants take part in prevention interventions which do not show

up in this cost category, e.g., the sports club memberships or the full vaccine protection.

— Table 5 —

Concerning total health care expenditures, we find a significant decrease of around e 185 for

the first year of participation.19 In the second year, the mean reduction in total expenditures

is smaller and no longer statistically significant. In the third year, we observe a larger effect

in absolute terms as compared to the two previous years which is insignificant. A continuous

participation for four years leads to a statistically insignificant reduction of e 308 on average.

In the fifth year, we observe a statistically significant (at the 10 percent level) effect of e 524. For

comparison, yearly total mean health expenditures range from e 900 to e 1000 in the period 2003–

19The estimate for θNP;NN
2 is also negative and significant giving support to this result.
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2008. Thus, the effects are economically meaningful.

To check whether the results are mainly driven by few observations with very large weights,

we remove observations with the highest-five and lowest-five percent weights following the trim-

ming procedure of Lechner (2009). We find that the results are robust to this change (Table 5).20

An extensive explanation of the above finding of a strong program effect in the first year of

participation is beyond the scope of this paper. However, by way of three examples, we illustrate

why these short-term effects are reasonable. First, in 2004, 48 percent of the participants engaged

in exercise interventions. Charness and Gneezy (2009) find that a few weeks of physical activity

improves health indicators within five months. This similarly applies to individuals with certain

diseases, e.g., arthritis (Callahan et al., 2008). Second, we estimate that, among the 77 percent

of participants who fulfilled the vaccination criterion, 20 percent received a flu vaccination. The

latter are participants who have a high risk of flu infection, e.g., elderly people. In contrast to

all other insurants, they do not have to co-pay for a flu shot and are, at the same time, required

to vaccinate against influenza in order to pass the vaccination criterion. Because a high cost bur-

den is attributable to influenza in Germany (Szucs et al., 2001), and flu shots reduce the risk of

hospitalization by 27 percent among elderly people every season (Nichol et al., 2007), this inter-

vention is very likely to be cost-saving in the short-term. Finally, 71 percent of the participants

engaged in medical screenings which test patients for diabetes, for example. Patients who were

detected to be at risk of diabetes have been shown to prevent or delay the development of diabetes

and diabetes-related complications (Engelgau et al., 1998; Chatterjee et al., 2010).21 Moreover, di-

abetes screening has been shown to significantly reduce health care costs within at most three

years (Chatterjee et al., 2010).

20This also holds when we only remove observations with the highest-one and lowest-one percent weights, and for all
other results reported in this paper.

21In the UK, 60 percent of diabetes diagnoses are made before patients reported any symptom.
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A complementary interpretation is anchored on the fact that the participants with the high-

est potential savings are precisely those people for which health-conscious behavior would yield

the highest benefits. These are individuals who are pre-disposed to have or already suffer from

illnesses that can be mitigated by certain preventive health interventions. For example, individu-

als who suffer from lumbago or low back pain would stand to benefit from an exercise program

that relieves their back pain and thus eliminates the need for further medication. In this case, the

prevention is the cure.

On the other hand, the result of no program effect for two more years of participation might be

explained by adult check-ups revealing certain diseases which require treatment likely incurring

large health expenditures. Although some diseases may require immediate treatment, medical

treatment of most diseases occurs with a certain time lag because the detection is usually followed

by a phase of observation of the disease, of diagnostic clarification and, finally, of waiting for the

treatment appointment.

The large point estimates for the effects of the fourth and fifth participation year, in contrast,

may be due to dynamic selection effects. For instance, the result of cancer screening may indicate

the presence of cancer. In this case, participants are unlikely to continue with the program because

they would subsequently be under medical treatment. Since these participants actually exit the

program, they are excluded from the regression. Such non-random program exits may create a

selection problem possibly yielding overestimated treatment effects. This applies, for instance,

if participants who exit the program have incurred particularly large health care expenditures

which generally applies to cancer patients. Investigating the magnitude of the potential bias is

the aim of the subsequent section.
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4.2 Assessing the potential bias of the static causal model

An intuitive solution to the problem of non-random program exits might be to control for vari-

ables realized in the previous year. This approach, however, triggers the problem of endogeneity

because post-program outcomes are influenced by the participation. To circumvent this, Lechner

and Miquel (2010) suggest an explicit dynamic causal framework based on the pioneering work

of Robins (1986) (see also Lechner, 2009). This framework allows assessing the causal effects of

different treatment sequences (e.g., four years of continuous participation) by explicitly taking

into account the timing of treatment choices. Variables that jointly influence outcome and selec-

tion at each step of the sequential selection process are controlled for. In place of estimating the

likelihood of an insured to belong to a certain treatment sequence as in the static causal model,

the participation likelihoods are now estimated at each node of a sequence conditional on previ-

ous treatment states, where the control and outcome variables enter the regression equation with

their past values.

The inverse of the product of these participation likelihood estimates are used as weights in

the IPW estimation. Hence, the only difference to the static model lies in the use of other weights.

These dynamic weights are largest for those participants who are least likely to enter the program

in the first year and most likely to quit in subsequent years. Accordingly, they ensure that those

non-participants with the highest likelihood of entering the program in each year have the highest

weight among insurants of the comparison group, i.e., the (dynamic) IPW estimation compares

two groups of insured who could equally belong to the comparison sequence. Lechner (2009)

shows that this dynamic estimator yields consistent estimates of the treatment effect.

Since dynamic selection effects may, in principle, also be captured by the static estimates of

the effects for the second and third participation year (Table 5), we estimate the dynamic version

of the effect for all lengths of participation, i.e., θPP;NN
2 , θPPP;NNN

3 , and so on. In specific, we
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run separate probit estimations for the different years of the program where all past intermediate

outcomes (observable at each node of a sequence) and all past propensity scores are included.

For instance, to calculate θPP;NN
2 , we estimate the probability Pr(PP) for participating in both

years by estimating Pr(P) and Pr(PP|P) taking into account that Pr(PP) = Pr(P) × Pr(PP|P).

Analogously, the weight for individuals of sequence NN is Pr(P)/ Pr(NN).22 Consequently, for

θPPPPP;NNNNN
5 , we estimate five participation likelihoods per sequence.23

Apart from serving as a sensitivity check with respect to accounting for non-random selection

patterns, the comparison with the respective dynamic treatment effects reveals their general im-

portance. This is highly relevant because the literature has not yet sufficiently established to what

extent static treatment effect estimates may be biased in the presence of voluntary changes in the

treatment states of individuals over time.

Results for the dynamic treatment effects are displayed in Table 6. For the first year, the dy-

namic and static models are identical. For the subsequent years, just like in the static model, all

estimated effects on prevention courses have a positive sign. This suggests that, in fact, in all five

years, the program increases individual prevention effort. However, the estimated effect for the

fourth participation year is no longer significant which points at windfall gains of participants.

Moreover, the dynamic effect for the fifth year of participation is considerably larger than the

corresponding static effect.

Regarding the program effects on expenses for health care, the dynamic causal model yields

qualitatively similar results for the first, second, and fourth year of participation. For the third

year, however, the effect – though also insignificant – is now positive. For the fifth year, we

observe, in absolute terms, a smaller estimated effect which is no longer significant (p-value of

22Note that Pr(P) in the numerator is due to the fact that we estimate the average treatment effect on first year program
participants. See Footnote 17.

23Since hospital information is also underreported in 2004, the number of hospital visits, the length of stay in the
hospital, the total spending on hospitals, and any three-digit ICD-10 hospital discharge diagnosis are excluded from the
estimation of the respective participation likelihoods (viz. Footnote 13). The first year in which these variables enters the
propensity score estimation is 2005.
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19 percent). This is an important difference to the static model since it points at no effect of

participating in the program during five consecutive years. However, two points are important

to consider. First, though pointing at a small downward bias of the static model, the differences

between the static and dynamic effect is not statistically significant. Second, the insignificance of

the dynamically estimated effect may simply be due to the small number of treated individuals.

To exemplify this argument, we ‘artifically’ increase the number of observations considered in the

dynamic estimation of the effect on total health care expenditures of four years of participation by

including insurants of sequence NPPPP (and NNNNN as their comparison group). The intuition

is that, although one year later than insurants of sequence PPPP, these participants are in their

fourth year of participation, too. Controlling for year fixed effects, we find a negative effect of

e 403, an increase in the number of treated of 135 (41 percent), and, most importantly, a lower

p-value of 13 percent.

— Table 6 —

4.3 Cost-benefit analysis

Since the financing of health care systems is limited, health investments should be made in the

most effective way. For this reason, it is necessary to assess the cost-benefit ratio of the bonus pro-

gram, making it comparable to alternative investments like, e.g., telemedicine. In order to do so,

we contrast program benefits with program costs. Program benefits are the estimated reductions

in yearly average total health care expenditures.24 Program costs comprise bonus payments (80

percent), expenditures on prevention courses, personnel effort, and development costs. Unfortu-

nately, the information about the costs for the interventions covered by the insurance company

and of health care expenditures for outpatient services are unavailable (see Section 2).

24For the benefits of participating for five years in the program, for instance, we estimate the reduction in mean total
health expenditures between 2004 and 2008.
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In the upper panel of Table 7, the benefits and costs of the program for each year and par-

ticipant estimated based on the static causal model are displayed. We observe positive yearly

average savings in each year of participation which are significant only in the first and fifth year.

In these years, for instance, they average about e 185 and e 310 per year, whereas program costs

amount to e 50 to e 60 per year. The cost increase in 2006 is due to the rise in the bonus amount

from e 40 to e 50. In the end, yearly net savings are positive for all five years of participation,

yielding a benefit to cost ratio larger than one. The yearly net savings amount to e 245 for those

participants who participated in all five years of the program, corresponding to 5 percent of the

average annual contribution of publicly insured Germans (KBV, 2009).

Testing the sensitivity of the results with respect to accounting for dynamic selection into the

treatment yields substantially lower yearly net saving for participants who participated in all five

years of the program (lower panel of the table). The estimated net benefit of the program reduces

to about e 200 and turns statistically insignificant. We observe a similar pattern in the third year.

Stock et al. (2010), who focus on the effect of three years of program participation relying on the

static evaluation approach might therefore report slightly upward-biased estimates. They find

program net savings of e 100 per year and participant. In comparison, our dynamic estimate in

2006 is roughly e 50 lower and statistically insignificant, whereas our estimate of the static effect

is quite close to their result.

— Table 7 —

5 Conclusion

This paper contributes to the search for policy measures that stabilize health care expenditures.

We investigate a bonus program of a German social health insurer implemented in 2004 over the

time horizon of five years. The bonus program aims at reducing the insurer’s health care expen-
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ditures by rewarding a cash bonus for health-conscious behavior. We test whether participating

in the bonus program raises preventive health behavior and reduces total health care expendi-

tures. We also determine whether the costs associated with the bonus program are justified by its

benefits.

We find that the program is effective in both increasing individual prevention effort and reduc-

ing health care spending in all years of participation. The average yearly savings are significant

only in the first and fifth year. After subtracting program costs which do not include program

interventions covered by the insurance company, the health insurer saves on average e 245 per

year for insurants who participate in all five years of the program.

Applying a dynamic causal model in order to test the sensitivity of our results with respect to

accounting for dynamic selection effects, we find that the effects on net health care spending tend

to be overestimated for later program years. This finding may be explained by participants no

longer being included as treated observations in the analysis who exit the program after partic-

ipating in obligatory screening measures on medical grounds, assuming that from then on they

incur high health expenditures. Importantly, the dynamic causal model yields insignificant esti-

mated yearly net savings in the fifth year. This could be due to the small number of the treated

which makes it difficult to find a significant effect. Consequently, the finding of net savings for

insurants who participate in all five years has to be regarded with caution.

Stock et al. (2010), following a static evaluation approach, find net program savings of e 100

per year and insured who participate for at least three years. Our respective estimate lies in a

similar range, whereas our dynamic effect is only half as large.

We conclude that health prevention represents an effective means to reduce health expendi-

tures. With such bonus programs, health insurance companies have an effective instrument to

reduce their health care expenditures in the short term. However, it is unproven whether regular

health prevention over many years is equally successful. Our results, though statistically not sig-
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nificant, point towards higher savings for regular participants. The old adage still rings true: “An

ounce of prevention is worth a pound of cure.”
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Table 1: PROGRAM DESIGN

Obligatory measures Remark

Medical screening Biennially, above the age of 35
Cancer screening Women above the age of 20 and male

above the age of 45
Check-up for children Co-insured children below the age of

7

Elective measures (at least 3 interventions required) Remark

Full vaccine protection
Non-smoking At least 6 months
BMI between 21 and 27 Introduced in 2007
Health promotion activities at the
workplace or sickness fund
Quality-assured services of primary
prevention
Regular exercise in sports club or fit-
ness center
Updated sports badge

Notes: Unless otherwise stated, interventions are required annually.

Table 2: NUMBER OF PROGRAM PARTICIPANTS PER YEAR

2004 2005 2006 2007 2008

Total number of participants 1,011 1,404 2,176 2,072 2,699

Share of all observations 0.017 0.024 0.037 0.037 0.046

Number of participants remaining in the program - 603 543 403 357

Share of all observations - 0.010 0.009 0.007 0.006

Note: Insured who exit or enter the insurer within the period 2004–2008 are not considered.
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Table 3: SUMMARY STATISTICS

Variable Mean Std. Dev. Min. Max.

Expenses (in e , 2004 – 2008)
Hospital (2006 – 2008) 486.593 2265.029 0 245946.375
Pharmaceutics 224.183 1970.748 0 236619.219
Rehabilitation 20.567 181.066 0 21446.434
Medical utilities 64.693 305.982 0 26456.537
Prevention courses 1.884 9.600 0 253.017

Inability to work payments (in e ) 96.555 452.389 0 10819.356

East 0.143 0.350 0 1
Male 0.512 0.500 0 1
Age in years 38.160 16.060 1 94
Number of children 0.114 0.410 0 7
Having a partner 0.043 0.204 0 1
Number of other relatives 0.002 0.051 0 2

Unemployed 0.035 0.183 0 1

Pensioner 0.081 0.273 0 1
Co-insured 0.145 0.352 0 1

Type of sector
Manufacturing 0.099 0.298 0 1
Metallic 0.073 0.261 0 1
Engineering 0.032 0.177 0 1
Social services 0.088 0.283 0 1
Administration services 0.163 0.370 0 1
Remaining services 0.172 0.378 0 1
No sectoral information 0.102 0.302 0 1

Level of education
No graduation 0.077 0.267 0 1
Training 0.398 0.489 0 1
Senior high school 0.016 0.126 0 1
Training and senior high school 0.051 0.219 0 1
Technical college degree 0.027 0.162 0 1
University degree 0.045 0.206 0 1
No educational information 0.126 0.332 0 1

Type of occupation
Unskilled blue-collar 0.093 0.291 0 1
Skilled blue-collar 0.107 0.309 0 1
white-collar workers 0.306 0.461 0 1
Trainee 0.097 0.296 0 1
Mini job 0.015 0.123 0 1
Midi job 0.073 0.260 0 1
No educational information, 0.047 0.211 0 1
no sectoral information

Number of observations 58,618

Note: The standard deviations over time for the expenses on hospital, pharmaceutics, rehabilitation, medical utilities, prevention courses,

and the inability to work payments are 18.724, 22.032, 3.723, 5.808, 0.465, and 7.889. The unemployed, pensioners, and co-insured are

excluded from the categories “no sectoral information”, “no educational information” and “neither educational nor sectoral information”.

The shares of “unemployed”, “pensioner”, “co-insured”, “neither educational nor sectoral information” and either the type of sector, the

level of education, or the type of occupation add up to 1.
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Table 5: (STATIC) ESTIMATION OF THE PROGRAM EFFECT ON EXPENSES FOR PREVENTION

COURSES AND TOTAL HEALTH CARE

θP;N
1 θPP;NN

2 θPPP;NNN
3 θPPPP;NNNN

4 θPPPPP;NNNNN
5

2004 2005 2006 2007 2008

Prevention Courses

Untrimmed 3.936 ** 1.762 ** 2.972 ** 5.750 ** 5.843 **

0.000 0.000 0.001 0.000 0.000

Trimmed ‡ 3.890 ** 1.768 ** 2.316 ** 5.712 ** 5.829 **

0.000 0.000 0.001 0.000 0.000

Total Health Care†

Untrimmed -184.586 ** -108.374 -258.802 -307.513 -524.107 *

0.033 0.417 0.157 0.284 0.050

Trimmed‡ -187.271 ** -109.194 -264.720 -302.600 -525.422 **

0.027 0.414 0.153 0.295 0.050

Number of Treated 1 010 603 543 403 357

Non-Treated 57 367 56 806 54 791 55 224 54 489

Notes: Comparison of the covariate adjusted weighted mean outcomes between participants and non-participants. Covariate selection rule

for regression adjustment as well as propensity score estimation applied. p-values (in italics) acknowledge the randomness of the weights

(see Section 3). † Expenses for prevention courses excluded. ‡ Observations with the largest five-percent weights removed. ** Significant at

5%; * significant at 10%.

Table 6: DYNAMIC ESTIMATION OF THE PROGRAM EFFECT ON EXPENSES FOR PREVENTION

COURSES AND TOTAL HEALTH CARE

θP;N
1 θPP;NN

2 θPPP;NNN
3 θPPPP;NNNN

4 θPPPPP;NNNNN
5

2004 2005 2006 2007 2008

Prevention Courses

Untrimmed 3.936 ** 2.493 ** 2.750 * 1.443 7.050 **

0.000 0.001 0.065 0.328 0.000

Trimmed‡ 3.890 ** 1.694 ** 5.083 ** 0.735 6.685 **

0.000 0.008 0.000 0.595 0.000

Total Health Care†

Untrimmed -184.586 ** -196.409 31.418 -307.650 -469.391

0.033 0.380 0.913 0.385 0.193

Trimmed‡ -187.271 ** -161.016 -124.492 -347.881 -440.782

0.027 0.476 0.674 0.345 0.249

Number of Treated 1 010 597 502 329 253

Non-Treated 57 367 53,541 52,476 50,875 49,546

Notes: Comparison of the covariate adjusted weighted mean outcomes between participants and non-participants. Covariate selection rule

for regression adjustment as well as propensity score estimation applied. p-values (in italics) acknowledge the randomness of the weights

(see Section 3). † Expenses for prevention courses excluded. ‡ Observations with the largest five-percent weights removed. ** Significant at

5%; * significant at 10%.
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Table 7: COST-BENEFIT ANALYSIS

θP;N
1 θPP;NN

2 θPPP;NNN
3 θPPPP;NNNN

4 θPPPPP;NNNNN
5

2004 2005 2006 2007 2008

STATIC MODEL

Savings 184.59 ** 84.41 150.15 214.29 310.02 **
0.003 0.384 0.156 0.118 0.046

Costs 52.98 50.81 62.02 64.80 64.89
Net Savings 131.61 33.60 88.13 149.49 245.13

Number of Treated 1,010 603 543 403 357
Non-Treated 57,367 56,806 54,791 55,224 54,489

DYNAMIC MODEL

Savings 184.59 ** 208.96 111.66 141.55 199.53
0.003 0.188 0.505 0.483 0.313

Costs 52.98 51.54 61.80 60.49 66.55
Net Savings 131.61 157.42 49.86 81.06 132.98

Number of Treated 1,010 597 502 329 253
Non-Treated 57,367 53,541 52,476 50,875 49,546

Source: Administrative data, own calculations.

Note: Savings and costs reflect yearly averages. Average savings are estimated employing the DiD-IPW estimator with regression

adjustment. Development costs (e 15,000) incurred in equal parts in 2003 and 2004. With exception of the bonus payments (remaining)

costs in the amount of e 250,982 are divided in equal shares among the five years. Information on fifth year program costs not available.

We assume that the costs are the same as in the previous year. The increase in the expenses on prevention courses are included into the

costs. p-values (in italics) acknowledge the randomness of the weights (see Section 3).** Significant at 5%; * significant at 10%.

Figure 1: PROPENSITY SCORE DENSITY FOR PROGRAM PARTICIPATION IN 2004

Source: Administrative data, own calculations.
Note: Density estimates of the probability to participate in the program base on all individuals that were insured
with the health insurer at least 350 days each year between 2004 and 2008.
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Appendix

Stepwise Estimation Procedure

A Computation of Inverse-Probability Weights

1. Conduct bivariate regressions of program participation indicator P on Xk ∈ X ∀ k,

where k = 1, ..., K is the total number of explanatory variables.

2. Select Xk whose estimated coefficients have a p-value less or equal to 0.05. Denote this

covariate set as X∗.

3. Conduct a multivariate regression of P on X∗: Pi,t = f (X∗
i,t−1) + ei,t, where f (·) is a

linear-in-parameter function.

4. Compute the predicted probability of participation, ê(X∗
i,t−1).

5. Compute the weight: wi,t = Pi,t + (1 − Pi,t)× ê(X∗
i,t−1)

1−ê(X∗
i,t−1)

.

B Combining Weighting with Regression Adjustment

1. Conduct a trivariate regression of the first difference of the outcome variable (ΔYi,t ≡

Yi,t − Yi,t−1) on wi,t [βg(Xk) + γPi,t] ∀ k.

2. Select Xk whose estimated coefficients have a p-value less or equal to 0.05. Denote this

covariate set as X̃.

3. Regress ΔYi,t on wi,t
[
βg(X̃i,t−1) + γPi,t

]
.

C The estimate of the intention-to-treat effect is the estimated coefficient γ̂.
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