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Abstract

The aim of this study is to estimate the causal effect of cultural participation on health
status. Cultural activities may directly impact upon health through palliative coping or
substituting health-compromising behaviors. Cultural engagement may also facilitate the
development of social networks, which can improve health via social support and the dis-
semination of social health norms. Previous estimates on the arts-health relationship are
potentially biased due to reverse causality and unobserved heterogeneity. Using individual-
level data from Germany, we employ propensity-score matching methods. The treatment
group is confined to individuals that visit cultural events at least once a month. The parti-
cipation equation includes a rich set of personal characteristics that cover the respondents’
demographic and social background, social capital and leisure-time activities, health-related
lifestyle, personality and childhood environment. We explicitly consider reverse causality by
including the pre-treatment trends in health outcomes among the covariates. To deal with
time-fixed unobserved heterogeneity, we combine the matching model with a difference-in-
difference approach. We find that frequent cultural-event visits are unrelated to health once
we account for unobserved persistent differences across individuals. However, examining
the dose-response relationship we find positive mental-health effects of low levels of cultural
participation compared to non-attendance. Our results may thus yield important insights
on the effectiveness of arts participation as a means to reduce social inequalities in health.
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ing; multivalued treatment
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1 Introduction

There is a growing political and academic debate about the value and impact of culture.

Policy makers become increasingly aware of the benefits of the arts, particularly in the

context of education and further training activities. In a report on the state of the cultural

sector in Germany commissioned by the German parliament, cultural activities have been

recognized as a key ingredient to improve individual outcomes, such as education, cognitive

skills and health (German Federal Parliament, 2007). The relevance of the cultural sector

in Germany, as in many other countries, is also reflected in high public expenses for culture

and affiliated areas. In 2009, the subsidies roughly amounted to 9 billion euros (about 0.4

percent of GDP), which were largely spent on theaters and musical arrangements (35 percent)

and museums, exhibitions, and collections (18 percent) (Statistical Offices of the Federation

and the Länder, 2012). Previous empirical research that examines the link between arts

activities and individual outcomes supports the subsidization of the cultural sector. Various

studies report a positive relationship between cultural activities and educational attainment,

cognitive skills, social capital and quality of life (e.g. DiMaggio, 1982; Hille and Schupp,

2015; Jeannotte, 2003; Kim and Kim, 2009). Despite public finding, there is however a clear

education gradient in cultural engagement, and participation rates are typically higher among

the better-educated (e.g. Authoring Group Educational Reporting, 2012). While this could

just reflect different preferences for or experiences with arts activities, it could also involve

limited access to arts goods and services due to lower incomes and lower socioeconomic status

(SES), respectively. Higher social status may also lead to superior health. Those with better

educational attainment and higher incomes tend to have better health outcomes (e.g. Cutler

et al., 2011). Thus, the lack of financial resources to engage in social – and cultural – activities

that are conducive to better health may explain social differences in health. We argue that

one way to deal with these inequalities is to increase cultural participation, which is one

of the major forms of the individual’s social life. Many facets of individual social activities

are beyond the control of policy makers, but with adequately designed public programs one

could increase the consumption of cultural activities that could benefit health.

Previous research shows a positive association of cultural engagement with health status

and survival. The relevance of arts activities as a therapeutic device in clinical settings is

commonly acknowledged in the medical literature (McCarthy et al., 2004). More recently,

several studies have stressed the role of passive or receptive arts activities for the health of

the general population (e.g. Cuypers et al., 2012). To put it in a nutshell, frequent visits

to cultural events may influence health directly by serving as a coping strategy or replacing

health-compromising behaviors. Alternatively, cultural activities provide an enriched envir-
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onment that could buffer the negative effects of age-related declines in health and cognitive

skills. In addition, cultural activities can promote the establishment of social networks that

provide social support for individuals facing a deterioration of their health.

However, it is debatable whether the established relationships represent causal effects of

cultural participation on health. There could be unobservable variables that simultaneously

influence the decision to visit a cultural event and health outcomes. For example, those

who are open to experience might be more likely to attend a cultural event and have better

health status. Since personality traits are usually excluded, previous analyses might over-

estimate the health-benefits of cultural participation. To the best of our knowledge, there

is no study that seriously addresses potential confounding due to observed and unobserved

characteristics and the identification of causal effects, respectively.

The aim of this study is therefore to examine whether cultural attendance has a causal

effect on perceived health outcomes. This is, to the best of our knowledge, the first study

regarding the impact of receptive cultural activities on health status in Germany, and we

contribute to the previous literature in the following ways: First, we include a rich set of

background variables including various controls for the individual’s social and leisure-time

activities, personality traits, health behavior and approximations for childhood exposure

to the arts. These covariates were either unmeasured or excluded from previous empir-

ical analyses, although they could influence both the decision to visit a cultural event and

health status. Second, we rely on statistical matching techniques to deal with the ob-

served and unobserved non-random selection into cultural participation. Specifically, we

employ regression-adjusted propensity-score matching methods that identify causal effects

given that there is no unmeasured systematic variation across individuals correlated with

health outcomes. Furthermore, the matching models are combined with a difference-in-

difference approach to take unobserved, time-invariant heterogeneity into account. Third, in

a multivalued-treatment framework we estimate the effect of encouraging cultural activities

contingent on the level of initial participation and the extent of stimulation. In other words

we assess the dose-response relationship between cultural activities and health.

The empirical approach adopted in this paper can provide important insights on whether

and how public programs to increase cultural participation affect health outcomes. One can

think of it as a social experiment where individuals are randomly allocated to the treatment

and control group. The major aim of any intervention should be to encourage individuals

to regularly engage in the arts. In their seminal paper, Stigler and Becker (1977) argue that

frequent exposure to arts activities improves the individual’s skills of understanding and

appreciating the arts good and facilitates the accumulation of arts-specific human capital,

respectively. This presumably lowers the cost of consuming the arts good which should
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further promote cultural participation. One effective way to stimulate cultural activity would

be to allocate free tickets or vouchers for cultural events among treated subjects since they

most likely reflect the individual’s preferences and taste (Frey, 2008). Such vouchers usually

cover a relatively wide range of artistic performances, and individuals receiving the voucher

can visit the event of their choice.

Hence, this study may inform policy makers about the effectiveness of using arts in gen-

eral and cultural vouchers in particular to curb health inequalities. It provides a better

understanding of how encouraging cultural activity affects different parts of the population

which differ in terms of their current cultural behavior. The major implication of our ana-

lysis is that arts-based programs to improve population health must be targeted at those

individuals who gain the most of such intervention. Our estimation results suggest that cul-

turally inert or occasionally active individuals experience the largest health improvements

whereas the health effects among more active individuals are rather negligible. Thus, dis-

tributing cultural vouchers among particularly disadvantaged parts of the population may

increase the cost effectiveness of the intervention.

The remainder of this paper is organized as follows: Section (2) describes the main mech-

anisms underlying the arts-health relationship and discusses the empirical evidence on the

association of cultural-event attendance with health. Section (3) outlines the empirical ap-

proach adopted in this paper. We generally rely on a selection-on-observables strategy using a

propensity-score matching procedure. However, we will also take unobserved individual het-

erogeneity into account by combining the matching procedure with a difference-in-difference

approach. We are thus able to control for unobserved traits that are time-invariant and pos-

sibly correlate with both the consumption of arts activities and health. Section (4) details

the data and estimation sample. We use individual-level data from the German Socioeco-

nomic Panel (SOEP) which provides rich information on, among others, the individual’s

social and leisure activities, personality traits, and youth socialization and activities. Sec-

tion (5) presents and discusses the estimation results. Generally, visiting a cultural event

frequently could improve mental health relative to lower levels of cultural activity, given a

large number of covariates. The causal effect of arts attendance on mental well-being is robust

to reverse causality, but disappears when we take time-fixed unobserved individual differ-

ences into account. Section (5.3) is concerned with the dose-response relationship between

the health outcomes and different levels of the treatment variable. Using a multivalued-

treatment approach we conduct binary comparisons of different treatment levels and control

groups. Results suggest that the gain of stimulating cultural participation is highest among

those respondents who less often or never visit cultural events. Section (6) concludes.
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2 Previous Literature

From a theoretical perspective, there are a variety of mechanisms by which cultural particip-

ation can influence health. Frequent visits to cultural events possibly provide a stimulating

environment that could lower the rates of cognitive aging and enhance levels of cognitive

functioning in old age (Hertzog et al., 2008; Stine-Morrow et al., 2007). Furthermore, cul-

tural activities such as visiting a museum or an opera may be used as a coping strategy to

deal with health problems (e.g. Iwasaki et al., 2005). Cultural events may thus provide an

opportunity to deal with everyday problems or negative life events improving physical and

psychological well-being. Following Abel (2008), cultural activities such as arts attendance

may also reflect socioeconomic status, and it is well-known that individuals with higher in-

comes or better education tend to be healthier than others (for a review, see Cutler et al.,

2011). Similarly, Khawaja and Mowafi (2006) argue that cultural activities could reflect

social stratification in society. To maintain and accumulate their social status, individu-

als invest accordingly in cultural capital, for example via visits to arts events. According

to Bourdieu (1984), this behavior sustains and creates social hierarchies, which could have

deleterious health effects at the individual level. This is in line with the hypothesis put

forward by Wilkinson (1999) that social hierarchies are associated with psychosocial stress,

aggressiveness, less trustfulness and lower levels of social cohesion.

Most importantly, the majority of arts activities involves social interactions with other

persons that could form the basis of an individual’s social capital. Individual-level social-

capital indicators, such as the frequency and intensity of personal contacts, have been shown

to positively influence health and survival (for a review, see Kawachi et al., 2008). Hence,

visits to cultural events can positively influence health via the benefits of social networks

and interactions (see also Hyyppä, 2010). These include, for instance, stress reduction and

the provision of information on how to effectively deal with diseases. Cultural activities can

thus be seen as a form of social capital that can be used as inputs in health production (e.g.

Folland, 2008)

Several empirical studies using individual-level survey data have found a positive asso-

ciation of cultural-event attendance with perceived health in various populations (Cuypers

et al., 2012; Johansson et al., 2001; Khawaja and Mowafi, 2006; Renton et al., 2012; Wilkin-

son et al., 2007). It is questionable, however, whether the observed correlations reflect causal

effects of arts participation on health. Cultural participation is potentially endogenous due to

unobserved heterogeneity and reverse causality. The previous observational studies include

a variety of personal characteristics in their regression models to mitigate omitted variables

bias, but still leave out or incompletely measure many factors that correlate with both the
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level of arts participation and health outcomes. These especially include social interactions,

lifestyle, personality straits, cognitive skills and childhood determinants of arts activities.

Moreover, only few studies consider the possibility that health might influence cultural par-

ticipation. We will improve upon the previous research by combining non-experimental

evaluation methods with observational data. The problem of omitted variables bias is mitig-

ated by including a rich set of conditioning variables that account for the respondent’s social

and leisure life, health-related lifestyle, personality and childhood exposure to the arts. We

will deal with reverse causality by including the health outcomes that are measured prior

to our cultural-participation variables. Finally, we will take unobserved heterogeneity into

account by using the longitudinal information of the outcome variables, and employing a

difference-in-difference approach.

Complementary evidence on the causal effect of arts participation on health comes from

controlled experiments in a small region of Sweden (Bygren et al., 2009; Konlaan et al.,

2000). They estimated the effect of, among others, cultural-event attendance on medical

and self-rated health outcomes using a randomized controlled trial (RCT). The treatment

was randomly assigned to the study participants, who were encouraged to increase their

cultural participation by being offered a free ticket per week for (highbrow) cultural events.

Thus, the estimates presumably suffer less from non-random selection into cultural activities

based on unobserved factors and health status. Results suggest that treated individuals

perform better with respect to a variety of clinical outcomes and aspects related to mental

health. However, the findings of these studies are based on highly selective samples and are

not applicable to the general population.

The majority of the empirical studies, be it observational or experimental, relies on a

comparison or control group that comprises those who never visit cultural events as well as

occasionally or regularly active individuals. This might however obscure important health

effects along the distribution of cultural participation in the population. As argued in Section

(5.3), the health effect of increasing arts participation likely differs depending on the indi-

vidual’s baseline cultural activity, and less active individuals (including those who actually

never participate) may benefit more than more active persons. Thus, the previous empirical

evidence does little to improve our understanding of arts-based interventions to promote

population health. To gain better knowledge about the workings of arts policies, such as the

distribution of cultural vouchers, and their effects on health, we will also adapt a multivalued

treatment framework to assess the impact of different levels of cultural participation given

baseline (control) arts activity.
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3 Empirical Approach

To estimate the causal parameter of interest, the empirical approach adopted in this paper

relies on the conditional-independence assumption (CIA). The CIA generally implies that

there are no unobserved variables simultaneously affecting the treatment and the outcome.

Hence, the differences in outcomes between the treated and control individuals are solely

attributable to the treatment (e.g. Imbens, 2004). In other words, the treatment is assumed

to be as good as randomly assigned. We will include a large set of background characteristics,

which makes the CIA appear plausible in our context. However, since it is conceivable that

there are still some unobserved factors causing a correlation between arts attendance and

health, we will also take time-fixed unobserved individuals differences into account.

The empirical analysis begins with estimating simple linear regression models to assess

the relationship between cultural attendance and health outcomes, given a set of covariates.

Instead of claiming that we estimate a causal effect, we rather use it as descriptive tool to

examine the observed selection bias. By successively adding groups of covariates, it can be

assessed to what extent the raw correlation between arts participation and health can be

explained by demographic and socioeconomic background, social and leisure-time activities,

health behavior, personality, and childhood exposure to the arts.

The main part of the econometric analysis builds on matching methods to reduce the

bias in observational studies. Our aim is to mimic the experimental set-up of the random-

ized controlled trials conducted by Konlaan et al. (2000) and Bygren et al. (2009), to create

a control group that is as close as possible to the treatment group in terms of observed

background characteristics. Specifically, we employ propensity-score matching methods to

remove any observed pre-treatment differences between cases and controls. First, an assign-

ment model is used to estimate the probability of receiving the treatment (e.g. frequent

visits to cultural events) given the covariates. Second, the predicted values from the assign-

ment model, the propensity scores, are used to match treated and control individuals using

appropriate weighting functions. This implies that those control units that are more similar

receive a higher weight in the estimation of the causal effect. Hence, instead of matching

on combinations of covariates, the similarity of the respondents is assessed on the basis of

one single number. According to Rosenbaum and Rubin (1983), in situations where the set

of covariates is large and high-dimensional, it suffices to condition on the propensity score.

Our estimate of the causal effect is therefore assumed to be unbiased given the propensity

score.

Matching methods provide results that are similar to fully saturated linear regression

models (Angrist and Pischke, 2008). The empirical approach adopted in this paper has
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nevertheless a number of advantages: First, compared to previous studies, we include a

substantially larger set of control variables in our final estimations, which should make the

identifying assumptions more plausible. Second, the set of control variables is collapsed into

one single number, the propensity score, which reduces the problems associated with a high-

dimensional covariate vector (e.g. Huber et al., 2013). Third, matching allows assessing the

comparability of treated and control individuals. Careful examination of both the covariate

distributions among the treated and control units and the region of common support ensures

that cases and controls theoretically have the same probability of being treated (e.g. Dehejia

and Wahba, 1999).

In this paper, we will estimate cross-sectional and longitudinal matching estimators with

additional regression adjustment. The usefulness of combining matching with regression

methods traces back to Bang and Robins (2005) and has recently been applied by Marcus

(2014) and Schmitz and Westphal (2013) using SOEP data. The basic idea is to use the

weights obtained from the matching procedure in a weighted regression of the outcome on

the treatment and all covariates. According to Bang and Robins (2005), this ensures that the

estimated causal effect is (doubly) robust against misspecifications of either the participation

or the regression model. Furthermore, because the observed background characteristics are

held constant, regression-adjustment reduces the bias emanating from remaining covariate

imbalances after matching (Imbens and Wooldridge, 2009).

The parameter of interest is the average treatment effect on the treated (ATT), that is

E [Y1i − Y0i|D = 1], with D indicating treatment status. This implies that we compare the

mean health outcome of those individuals that visit cultural events (very) often with the

mean health outcome had they consumed artistic performances less often. The methods

employed in this paper can thus provide valuable insights into the design of public programs

to encourage cultural participation and improve health. First, it can be interpreted as

measuring the effect of allocating free tickets, that is vouchers, for an event per month or

week among low- and non-participants. Second, we assess the health gains from such an

intervention for those who actually receive the voucher and the treatment, respectively. The

recipients of vouchers are probably those who are particularly disadvantaged because they

lack the financial resources to afford visits to cultural events or they are unfamiliar with the

potential benefits of artistic goods and services.

Since the counterfactual (Y0i) is unavailable in observational studies, it is common practice

to compare the outcomes of treated individuals with a weighted average of the outcomes of

control matches that are as similar as possible in terms of observed characteristics. In the

cross-sectional setting, the estimated ATT reads as follows (e.g. Smith and Todd, 2005):
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ÂTTCS =
1

N1

∑
i∈I1

[
Y1i −

∑
j∈I0

W (i, j)Y0i

]
, (1)

where N1 is the number individuals in the treatment group used for the calculation of

the ATT , I1 is the set of treated individuals, I0 is the set of control individuals. W (i, j)

is a weighting function that assigns to each control unit a weight calculated based on the

distance of propensity scores between the treated and matched control individuals. We will

improve the inference in the cross-sectional model by including the pre-treatment (linear)

trend of health outcomes among the conditioning set in a second model.

The cross-sectional matching estimator rests on the assumption that there is no confound-

ing due to unobserved systematic differences at the individual level. It seems however likely

that unobserved factors influence both the decision to attend cultural events and health

outcomes. One such factor could be the individual’s cognitive skills. Cognitive skills are

often invoked as the main explanation for educational gradients in cultural participation

and health outcomes. According to Ganzeboom (1984), individuals have different capacit-

ies to process cultural information depending on, among others, artistic talent, education

and knowledge and experience associated with the arts. Furthermore, cognitively more able

individuals are assumed to be healthier since they are able to process health-related in-

formation more efficiently than others (e.g. Auld and Sidhu, 2005). It is possible that we

only imperfectly account for the individuals’ information-processing capabilities, despite in-

cluding indicators for educational level and childhood exposure to the arts. Therefore, we

employ the difference-in-difference (DiD) propensity score matching estimator which takes

unobserved individual differences in outcomes into account that are time-invariant (Heck-

man et al., 1997, 1998). Thus, the causal effect is identified under the assumption that there

are no time-varying unobserved differences leading to health-outcome differences. The DiD

matching estimator is implemented by including the change scores of the dependent variables

as outcomes instead of their post-treatment levels. The ATT estimator can then be written

as follows (e.g. Blundell and Dias, 2009):

ÂTTDiD =
1

N1

∑
i∈I1

[
∆Y1i −

∑
j∈I0

W (i, j)∆Y0i

]
, (2)

where ∆Y1i and ∆Y0i denote the difference between the post- and the pre-treatment

health outcome for treated and control individuals, respectively. Thus, the effect estimate

measures the difference in the change of health outcomes between the treatment and control

group after the treatment occurred.

In principle, various matching algorithms exist to calculate the weights W (i, j), and the
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choice often involves a trade-off between bias and efficiency (Caliendo and Kopeinig, 2008).

We primarily rely on the kernel matching estimator as proposed by Heckman et al. (1998)

and Smith and Todd (2005). We use the Epanechnikov kernel with a bandwidth equal to

0.06. The counterfactual is hence calculated as the weighted average of all control units,

and more weight is given to individuals with similar propensity scores. After matching,

these weights are used in a weighted least squares regression to obtain the ATT . Since the

choice of the kernel bandwidth involves a trade-off between bias and efficiency, we will also

estimate the matching models using a bandwidth of 0.03. Additionally, we will employ the

kernel matching estimator using the Gaussian kernel, and other matching algorithms based

on radius and nearest-neighbor methods, as additional robustness checks.

As argued above, it is crucial for the estimation of average treatment effects that one com-

pares treated and control individuals that are similar. Hence, the matching analysis should

be based on individuals in the region of common support or for which there is sufficient

overlap between the treatment and control group. In other words, there must be a sufficient

number of control individuals that have a relatively high probability of receiving the treat-

ment. We impose the common support by dropping treated individuals whose propensity

score is higher than the maximum or less than the minimum propensity score of the control

individuals. According to this rule, we drop 19 to 21 individuals whose propensity score is

too high, depending on the matching model.

Furthermore, the treatment and control group must be similar in terms of their covariate

distribution. This can be assessed by using a simple t-test to examine whether there are

significant differences in covariate means between these groups. However, we will rely on the

standardized bias in covariates to assess the covariate balance between treated and control

units. According to Imbens (2014), the standardized bias is more robust to sample size than

the t-test and should be preferred to assess the extent of covariate imbalance between the

treatment and control group. The standardized bias is defined as the percentage difference

in covariate means between treated and control individuals normalized by the standard

deviation, and is calculated before and after matching. A remaining bias below 3 or 5

percent after matching is generally deemed to be sufficient (e.g. Caliendo and Kopeinig,

2008). As argued by Rosenbaum and Rubin (1985), any remaining standardized difference

above 20 percent is considered as large.

A final issue concerns the estimation of the variance of the treatment effects. Generally,

the estimated standard errors neglect the estimation of the propensity score. The uncertainty

associated with the propensity-score estimation is thus disregarded, which could increase the

variance of the treatment effects (Heckman et al., 1998). We therefore follow Marcus (2014)

and Schmitz and Westphal (2013) and use robust standard errors from the weighted least
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squares regressions. These standard errors are nevertheless compared with standard errors

resulting from bootstrapping the regression-adjusted propensity-score matching procedure.

Applying the bootstrap to calculate the standard errors is a very popular method in applied

analyses, and Abadie and Imbens (2008) suggest that this approach might be valid in the

case of the kernel matching estimator.

4 Data

4.1 Description of the estimation sample

This study uses longitudinal data from the Socio-Economic Panel (SOEP) study (SOEP,

2013; Wagner et al., 2007). It is a large and representative survey of German households

which started in 1984. It is well-suited for our purposes since it includes information on

health status, demographic and socioeconomic background, leisure-time and social activ-

ities, personality and youth socialization. Figure (1) illustrates the basic structure of the

estimation sample. The treatment variable T0 is measured in 2009. While information on

cultural activities is available in other waves, the focus is on this year due to the abund-

ant availability of both health measures and indicators for leisure-time and social activities

around this year. The health outcomes Y1 are measured in 2010. We will also consider the

health outcomes measured in 2012 to assess the longer-term impact of cultural activities.

Furthermore, we will use information on health outcomes prior to 2009 to mitigate the prob-

lem of reverse causality, that is the possibility that the outcome influences the treatment.

Most of the control variables X are gathered in 2008 prior to the treatment, to alleviate the

problem that some (time-varying) background characteristics are influenced by the treatment

or the anticipation of it. We will also consider health outcomes assessed prior to the treat-

ment variable (Y−4 to Y−1) to account for the bi-directional relationship between cultural

participation and health.

Figure 1: Structure of the estimation sample

2002 2003 2004 2005 2006 2007 2008 2009 2010

Y
1

T
0

X
-1

Y
-1

Y
-2

Y
-3

Y
-4

The final analysis sample includes 4,267 individuals. The reasons for the relatively small
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number of cases are twofold: First, the estimation is based on individuals providing non-

missing information on all (dependent and independent) variables. Second, we also include

retrospective information on youth and childhood conditions potentially related to both

cultural participation and health in adulthood. The questionnaire on youth and socialization

was introduced in 2000, and has been completed by households that entered the SOEP

henceforth. This leads to a further reduction in sample size.

4.2 Definition of the treatment variable

In the 2009 wave, the SOEP survey includes a battery of questions directly related to the

respondents’ leisure and social activities. The respondents had to assess the frequency of

various activities during their free time, such as doing sports, meeting with friends or political

commitment. The treatment variable is calculated based on the following item:

Going to cultural events (such as concerts, theater, lectures etc.)

The respondents had to check how often they do this activity on a four-point scale using

the options “at least once a week”, “at least once a month”, “less often” or “never”. Thus, we

adopt a rather narrow definition of cultural participation that comprises both the performing

arts and visual arts, which is however consistent with cultural economic approaches (Frey,

2008). To make our results comparable to previous experimental evidence (Bygren et al.,

2009; Konlaan et al., 2000), the treatment indicator distinguishes between those who often

go to cultural events and those who rarely or never attend cultural events. The treatment

group is confined to individuals that visit cultural events at least once a month (n = 953).

The control group comprises those respondents that less often or never visit cultural events

(n = 3, 314). This is akin to randomly assigning treatment status among those who rarely

or never engage in cultural activities, and giving vouchers for a free cultural event per week

or month to subjects in the treatment group.

As already argued in Section (2), defining the control group in this way leaves us un-

informed about the effect of promoting cultural participation for individuals with different

baseline states of cultural activity. In Section (5.3), we therefore conduct pairwise compar-

isons between different treatment and control levels of cultural participation. This allows us

to assess how health reacts to different levels of cultural stimulation given baseline (control)

arts-participation status.
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4.3 Measurement of health outcomes

As outcome variables we use generic measures of physical and psychological health that

are available in the SOEP study since 2002. They are calculated based on the short-form

12 (SF-12) questionnaire which is a brief version of the SF-36 questionnaire and a widely

accepted and validated instrument for the measurement of health-related quality of life in

population surveys (Andersen et al., 2007). The SOEP version of the SF-12 consists of twelve

(self-reported) items that comprehensively measure the respondents’ physical and mental

health. These items are merged into eight subscales and summarized into two aggregate

dimensions via exploratory factor analysis: “physical health” (pcs) and “mental health”

(mcs). The pcs includes the subscales physical functioning, role physical, bodily pain, and

general health perception. The mcs consists of the subscales mental health, role emotional,

social functioning, and vitality. The main dimensions are standardized such that their mean

equals 50 and their standard deviation equals 10. The individuals in our sample on average

score slightly higher on the mental-health scale (51.5) and slightly lower on the physical

health scale (48.3) than the general population, but the difference seems rather negligible

(see Table (A.1) in the appendix).1

4.4 Definition of the conditioning set

For the unconfoundedness assumption to be plausible and to identify a causal effect, a match-

ing analysis must include all variables that influence both the treatment and the outcome

(e.g. Caliendo and Kopeinig, 2008). The decision to attend cultural events is non-random

and can be couched in terms of a constrained utility-maximization problem (e.g. Gray, 2011).

Individuals maximize their utility by choosing the level of cultural-goods consumption and

other commodities under budget and time constraints. The demand for cultural goods, in

turn, is a function of taste or preference for artistic and cultural experiences acquired in the

past. We therefore include a large set of personal characteristics to capture the respond-

ents’ constraints and preferences with respect to the arts and health. The set of covariates

can be differentiated into seven groups: demographic background, socioeconomic status, so-

cial activities/social capital, leisure-time activities, health behavior, personality traits, and

childhood exposure to the arts (see Table (A.1) in the appendix).

As is standard in any empirical examination of cultural participation and health out-

comes, we control for the respondent’s sex, age, household size and urbanization level. The

relationship between sex and age on the one hand and arts participation on the other hand

1See Table (A.2) in the appendix for a detailed description of question wording and response scales in
the SOEP.
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is ambiguous (Seaman, 2006). The size of the family points to time and budget constraints

that could shape the decision to attend cultural events, or to engage in other artistic or

health-related activities. The impact of the urbanization level possibly reflects supply and

accessibility of cultural facilities, which could influence the likelihood of attending cultural

events (Gray, 2011).

To capture the respondent’s socioeconomic status, we also include control variables for

educational attainment (secondary, vocational, and tertiary), household income, and employ-

ment status (employed, not employed, unemployed). Previous empirical research has found

a high correlation between educational level and arts attendance (Seaman, 2006). Consump-

tion of cultural or arts goods requires investments in arts-specific human capital and tastes,

to understand and appreciate artistic performances. Clearly, education could be a means to

acquire theses skills. Furthermore, household income and employment status represent the

financial and time resources necessary to visit cultural events. Finally, education, income

and employment status have been shown to be highly correlated with health outcomes (for

a review, see Cutler et al., 2011)

As discussed above, the main mechanism resulting in a positive arts-health relationship

are the social interactions usually involved in cultural activities. We therefore include several

markers for the respondent’s social capital to control for the non-random selection into

cultural participation due to socialization. Specifically, we take into account how often the

individual volunteers, is politically engaged, goes to the church, and visits neighbors and

relatives.

In contrast to previous studies, we include an extensive set of leisure-time activities. On

the one hand, it seems plausible that those individuals that pursue an active lifestyle are

more likely to attend cultural events and are generally healthier than less-active persons.

More important, we control for the extent of the individual’s artistic activities. It could be

argued that those persons who sing or play a musical instrument in their spare time are also

more likely to attend cultural events. Exposure to a more focused form of creative activity

could, for instance, reflect a general preference or taste for the arts. Furthermore, creative

activities have been shown to be correlated with perceived health (e.g. Cuypers et al., 2012).

On the other hand, other leisure-time activities could reflect time constraints that reduce

the opportunities to engage in both cultural and health enhancing activities.

Health-related lifestyles could also influence arts participation and perceived health.

Therefore, we control for health behaviors such as body-mass index (BMI), smoking status,

alcohol intake and dietary behavior. Furthermore, we seriously acknowledge the possibility

of reverse causality by conditioning on the pre-treatment (linear) trend of the health outcome

variables.
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A further improvement compared to previous studies is the inclusion of personality traits

among the covariates. These characteristics are usually unobserved in large-scale popula-

tion studies, and potentially reflect systematic differences between individuals in terms of

cultural participation and health. There is substantial evidence on the relationship between

personality and health (Almlund et al., 2011). Moreover, personality traits can influence the

decision to visit cultural events, and it has been noted that personality-related individual

differences are critical for understanding arts preferences and appreciation (e.g. Kraaykamp

and Eijck, 2005). For example, individuals with a general appreciation for arts are poten-

tially more likely to derive satisfaction from artistic performances than other persons and

hence more likely to attend cultural events. In the SOEP questionnaire, the respondent’s

personality is assessed with the Big Five personality inventory. Personality differences can

thus be traced back to five main personality traits: neuroticism, extraversion, openness to

experience, agreeableness, and conscientiousness (Richter et al., 2013, pp. 44). The Big Five

personality traits have been included in the 2005 and 2009 waves of the SOEP, and we use

the average of both years as control variables. This is a valid approach assuming that the

respondent’s personality traits are rather stable over a 4-year period (see also Costa and

McCrae, 1988).

As argued above, current arts consumption or participation is a function of past arts ex-

posure and consumption. Previous research basically suggest two pathways through which

past behavior influences current arts-participation levels. From a rational-choice perspect-

ive, consumption of arts goods and services can have addictive patterns. Visiting cultural

events or attending music classes can be seen as investments in arts-specific consumption

capital that lower the cost of subsequent cultural consumption, potentially raising future

demand for cultural goods (Stigler and Becker, 1977) A different approach assumes that

tastes are unknown and revealed to the consumer when experiencing artistic performances

(Lévy-Garboua and Montmarquette, 1996). Exposure to artistic experiences can thus cre-

ate a negative or positive shock in tastes or preferences for specific types of arts or arts

in general. Hence, past consumption of arts goods likely influences current arts activities

through the formation of tastes and preferences for arts appreciation. This corresponds to

the conjecture that arts consumption has the properties of an experience good. Individuals

are often unaware of the (health) benefits of arts activities, and they learn to appreciate

the cultural good only after they have consumed it (e.g. Lévy-Garboua and Montmarquette,

2011).

To approximate early influences on adult health and arts participation, we use retro-

spective information on the respondent’s socialization in childhood and youth. Specifically,

we include the educational level of the parents, the place the respondent lived during child-
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hood, and whether the individual did sports and attended musical lessons during youth.

The empirical models in previous studies, to the best of our knowledge, lack these factors

although at least theoretically they may account for a large part of the variation in adult

cultural participation (e.g. Morrison and West, 1986).

5 Empirical Results

5.1 Regression estimates of the effect of cultural participation

We first present results from simple linear regression models of the outcomes, where the set of

covariates is successively included. If we multiply the coefficients with ten, the estimates can

also be interpreted in percent of a standard deviation. The first column of Table (1) reports

the unconditional (raw) association between the treatment on the one hand and the physical

and mental health summary scores on the other hand. It shows that those individuals who

frequently visit cultural events are on average healthier than less culturally active persons.

A discrete change in the binary treatment indicator increases the physical and mental health

scores by 1.6 and 2.8 points (or 16 and 28 percent of a standard deviation), respectively.

This relationship is significant at the 99 percent level.

Table 1: OLS results, different specifications

(1) (2) (3) (4) (5) (6) (7) (8)

Outcomes

Physical health 1.558*** 2.506*** 1.262*** 1.129*** 0.837** 0.640* 0.546 0.547
(0.355) (0.321) (0.329) (0.337) (0.354) (0.349) (0.342) (0.342)

Mental health 2.839*** 2.207*** 1.708*** 1.383*** 1.178*** 1.094*** 0.780** 0.800**
(0.323) (0.329) (0.355) (0.361) (0.375) (0.375) (0.350) (0.350)

Control variables

Demographic background ! ! ! ! ! ! !

Soecioeconomic status ! ! ! ! ! !

Social activities ! ! ! ! !

Leisure-time activities ! ! ! !

Health behavior ! ! !

Personality traits (Big 5) ! !

Childhood conditions !

N = 4, 267. Robust standard errors in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01.

In general, including the covariate groups gradually decreases the marginal effect of cul-

tural attendance on health, while the standard errors remain comparatively stable across the

different specifications. This suggests that the raw correlation between arts participation and

health reflects positive selection into the treatment based on observable characteristics. The
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second column of Table (1), however, shows that conditioning on the respondent’s demo-

graphic background (i.e. sex, age, household size, family status and place) increases the

effect on physical health, but lowers the impact on mental health. The different patterns are

possibly age-related. On the one hand, spectators of arts performances tend to be older but

at the same time have more physical health problems, resulting in an underestimate of the

physical-health effects of arts participation. On the other hand, older individuals tend to

be happier than younger persons and thus exhibit less mental health problems. This would

imply an overestimate of the mental-health benefits of cultural-event visits.2

With respect to the remaining control variables, the physical and mental health scores

follow similar patterns. As shown by the third column, conditioning on socioeconomic status

(i.e. education, income, and employment status) mitigates the potential health-benefits of

arts attendance. Clearly, better-educated or higher-income individuals are possibly more

likely to visit cultural events and have less health problems, because they have the financial

resources and cognitive competencies to afford cultural goods and deal with or prevent

diseases. Hence, ignoring the selection based on socioeconomic status would overestimate

the effect of attendance on health.

The coefficients reported in the fourth column suggest that part of the arts-health rela-

tionship can be explained by social activities or the individual’s social capital. As argued

above, cultural activities most likely involve social interactions that could benefit health.

What is more, individuals who socialize much or are politically active tend to visit cultural

events more often. This indicates that individual-level social capital is an important omitted

or unmeasured variable in previous studies which explains at least part of the health-effects

of arts participation. However, the problem of selection due to social capital seems to be

less pronounced than that of socioeconomic status, particular in the case of physical health.

Including leisure-time activities and health behaviors in the fifth and sixth column further

decreases the effect of arts attendance on health. It appears that those individuals who

generally follow an active and healthy lifestyle are more likely to visit cultural events and

have less health problems. Thus, previous studies likely overestimate the effect of attending

cultural events on health because they usually do no condition on leisure-time or health-

related activities.

The seventh column of Table (1) shows, that there is some selection based on personality

traits. On the one hand, more open individuals are possibly more likely to attend cultural

events and exhibit less health problems. On the other hand, respondents with high scores in

2These explanations are supported by the positive association of age with cultural attendance and the
negative (positive) correlation between attendance and physical health (mental health) (results not shown
here).
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neuroticism or low scores in emotional stability are probably less likely to engage in cultural

participation and have worse health outcomes. Both factors tend to produce overestimates

of the effect of cultural participation on health when we exclude them.

The last column reports the marginal effects of cultural participation on health condi-

tioning on all covariates including the approximations for childhood exposure to the arts.

However, the coefficients for the treatment variable basically remain unchanged, and it seems

that childhood experience is unrelated to the arts-health relationship in our sample. On the

one hand, this may be attributed to recall bias where individuals misjudge, for example,

their parents’ education or the extent of physical and artistic activity during childhood and

early adolescence. To the extent that this type of error is systematic, the effect of childhood

conditions on adult health and cultural participation might cancel out. On the other hand,

Germany has experienced an expansion of educational opportunities in the past 50 years.

This implies that children who were born just before or during this period tend to have

better educational outcomes than their parents. These children might have been able to

“compensate” for their parents’ low educational level or socioeconomic status, and display

health outcomes and arts-participation rates in adulthood similar to children from better-off

families. Hence, it appears plausible that childhood conditions are rather unrelated to adult

health and cultural activities in Germany.

5.2 Matching estimates of the effect of cultural participation

Propensity score model. The first step of the matching analysis involves the estimation

of the respondents’ propensity scores. The individual-specific predicted probabilities from

this regression are then used as the propensity scores in the matching procedure.

The results provide interesting insights into the correlates of cultural participation in

our sample.3 Age positively influences the probability of attending cultural events at least

monthly, adjusting for the remaining covariates. The propensity score rather continuously

increases with age, and the highest participation rates are observed among individuals aged

65 and older. This could reflect the greater availability of time for leisure and social activities

after retirement.

Higher propensity scores are observed for individuals who are single or divorced. Better

education seems to increase cultural participation rates. Individuals with an intermediate or

academic school degree have a higher probability of visiting cultural events than those with

a basic education. Having a vocational degree, in contrast, is associated with less frequent

cultural-event visits. Furthermore, arts participation increases with the logarithm of house-

3See Appendix (B) for full results.
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hold income and is positively related to unemployment. This finding might seem somewhat

surprising since unemployment is usually associated with loss of income. However, the ma-

jority of persons that were given supplementary questions with respect to socialization in

youth in the SOEP belongs to samples that were included in more recent years. High-income

households might therefore be overrepresented in our sample, since they were included only

in 2002. Hence, the income loss due to unemployment for individuals living in these house-

holds might be less severe and the positive effect of unemployment on cultural participation

likely reflects more time available for leisure activities.

Culturally active persons also tend to pursue an active lifestyle, socialize more, and ex-

hibit higher levels of political and civic engagement. What is more, cultural-event attendance

is positively correlated with artistic activities in the leisure-time. Moreover, individuals who

smoke less, follow a health-conscious diet, and have lower BMI scores are also more likely to

visit cultural events often. As expected, individuals that score high on the openness (neur-

oticism) trait have a higher (lower) propensity of attending arts activities. Finally, childhood

exposure to the arts, approximated by musical activity in youth, parental education, place

and number of siblings seems to be unrelated to adult consumption of art performances.

Covariate balance. After calculating the propensity scores, the matching procedure as

outlined in Section (3) is employed. The aim is to find control individuals that are similar

to treated subjects in terms of their covariate distribution. Hence, it is a critical task in any

matching analysis to assess the covariate balance between the treatment and control group.

This is usually done by evaluating the standardized difference in each independent variable.

We will do this for each covariate and present the median value of all standardized difference

for each matching model.

To illustrate this step, Table (A.3) in the appendix reports mean values and the stand-

ardized bias for each covariate in the treatment and control group, and before and after

matching, for the cross-sectional matching estimator. Generally, the matching algorithm

performs well in terms of bias reduction. The normalized differences are considerably lower

after matching and are less than or close to 5 percent. One exception is the variable which

indicates whether the respondent’s parents have a university degree. The standardized bias

for this variable amounts to 11 percent after matching. This is however still close to the

arbitrarily defined thresholds mentioned by Caliendo and Kopeinig (2008) (3 or 5 percent).

We will complement the matching procedure with additional regression adjustment, which

should reduce any bias emanating from remaining covariate imbalances.

A comparison of aggregate sample statistics before and after matching supports the

conclusion that the overall matching quality is satisfying. The pseudo-R2 figures in Table
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(2) emanate from a regression of the propensity score on the covariates using the unmatched

(raw) and matched sample, respectively. They suggest that the explanatory power of the

regressors is fairly low in the matched sample (0.01) compared to the unmatched sample

(0.3). This was to be expected as there should be no systematic differences in covariate

distributions between treated and control individuals after matching (Caliendo and Kopeinig,

2008). Furthermore, a likelihood ratio test for the hypothesis that all coefficients are zero is

rejected before matching, but cannot be rejected after matching. This is again in accordance

with the expectation that the propensity to visit cultural events is unrelated to observable

characteristics after matching. Finally, the mean standardized difference after matching is

equal to 2.2 while the median bias amounts to 1.6, reflecting a considerable reduction in

terms of covariate imbalance compared to the unmatched sample (13.4 and 6.8).

Table 2: Overall statistics on covariate balance

Sample Pseudo R2 LR chi2 p>chi2 Mean bias Median bias

Unmatched 0.30 1338.38 0 13.4 6.8
Matched 0.01 34.69 1 2.2 1.6

Causal-effect estimates. Table (3) provides causal estimates of the effect of cultural-

event attendance on health using regression-adjusted propensity-score matching models. The

coefficients in each cell represent average treatment effects on the treated (ATT ). The figures

in parentheses are robust standard errors from weighted linear regressions of the outcome on

the treatment variable and covariates, which omit the estimation of the propensity score. We

also computed bootstrapped standard errors as a robustness check, but the results basically

remain the same.

The first column of Table (3) displays the ATTs from what can be called the simple

cross-sectional matching estimator, where we exclude longitudinal information on outcome

variables. The estimates are fairly similar to the linear regression results. The ATT for

physical health is equal to 0.43, which is slightly smaller than the OLS estimate (0.55).

The effect is, however, not significant, which can mainly be attributed to the reduced effect

estimate. The ATT for mental health amounts to 0.91, which is slighty higher than the

OLS estimate. The effect is still significant at the 95 percent level. In other words, had the

treated respondent not received the cultural voucher, his or her mental health score would

have been 0.91 points lower (or about 9 percent of a standard deviation).

The slight discrepancy between the matching and linear regression results can be ex-

plained by the different weighting schemes they apply. According to Angrist and Pischke
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Table 3: Matching estimates using 2010 outcomes

(1) (2) (3)
Cross-sectional + pre-treatment

health trends
DiD

Physical health

ATT 0.433 0.453 -0.165
(0.369) (0.366) (0.306)

NTreated 932 932 932
NControls 3,283 3,283 3,283
NOff support 21 21 21
Median bias (%) 1.6 1.7 1.7

Mental health

ATT 0.917** 0.982** 0.396
(0.409) (0.419) (0.399)

NTreated 932 934 934
NControls 3,283 3,283 3,283
NOff support 21 19 19
Median bias (%) 1.6 1.5 1.5

Robust standard errors in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01. All models condition
on demographic background, socioeconomic status, social and leisure-time activities, health behavior,
personality traits, and childhood exposure to the arts.

(2008), matching puts more weight on control individuals being more likely to be treated.

On the one hand, the matching estimates are smaller because these individuals also have

less physical health problems per se. On the other hand, matching estimates are larger than

OLS estimates because control individuals with a high probability of receiving the treatment

are probably more likely to exhibit mental health problems.

The second column of Table (3) reports ATT estimates including pre-treatment health

outcomes among the conditioning variables. Specifically, we include the pre-treatments (lin-

ear) trend in health outcomes (between 2002 and 2008) to take the problem of reverse causal-

ity into account. The results suggest that there is some health-related selection into cultural

participation with respect to mental health only. The ATT estimate increases somewhat

from 0.91 to 0.98, and is still significant at the 95 percent level. Thus, if reverse causality is

an issue, it likely results in an underestimate of the causal effect on mental health.

The third column of Table (3) reports causal-effect estimates from the regression-adjusted

propensity-score matching estimator, combined with a difference-in-difference approach.

Hence, we include the change scores between post-treatment and pre-treatment health as
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outcome variables, and include all control variables. Inference in difference-in-difference mod-

els hinges on the common trend assumption, that is the same trend of outcome variables in

the absence of treatment. A direct test of this assumption is virtually impossible since the

counterfactual is unavailable. However, inspection of the pre-treatment data suggests that

the pre-treatment trends in health outcomes in both the treatment and the control group

are basically the same (see Figure (A. 1) in the appendix).

The difference-in-difference approach combined with a matching procedure yields a more

credible version of the CIA. Thus, the coefficients can be interpreted as a causal effect con-

ditional on observable characteristics and unobserved variables that are time-invariant. As

discussed above, cognitive skills are correlated with both cultural participation and health,

but are usually unmeasured in large-scale observational surveys. Taking time-fixed unob-

served confounders into account considerably reduces the mental-health effects of cultural

attendance (from 0.98 to 0.4). Hence, there are unobserved characteristics, such as cognitive

skills or talent, that produce positive mental-health benefits of cultural participation. Making

the treated and control individuals equal in terms of observable and time-invariant unmeas-

ured covariates thus eliminates any difference in health outcomes that could be attributable

to arts participation. This suggests that stimulating engagement in cultural participation

by offering free tickets for an event per month or week is rather ineffective in improving

individual health status.

This corresponds to some extent with the results reported by Bygren et al. (2009), who

did not found a significant impact of cultural attendance on similar measures of physical and

mental health. As argued in section (5.3), however, comparing individuals that frequently

visit cultural events (at least once a month) with others who rarely or never consume artistic

goods and services may obscure the health benefits of cultural participation. Specifically,

whether individuals gain from greater engagement in culture and arts possibly depends on

the extent of cultural stimulation and their baseline participation status, and the definition

of the treatment level and the control outcome, respectively. We will elaborate further on

this issue in Section (5.3), by assigning respondents different treatment levels.

Longer-term impact and robustness checks.4 We also estimated the regression-

adjusted propensity-score matching models using health outcomes measured in 2012. The

effect of cultural-event attendance on both physical and mental health is statistically insigni-

ficant in the cross-sectional and difference-in-difference models. Thus, cultural participation

seems to have no lasting impact on individual health status. This is even true if we ignore

time-invariant unobserved heterogeneity.

4For detailed results, see Appendix (B) and (C).
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A number of robustness checks suggest that the main findings of the matching analyses

are rather insensitive to various model specifications. We obtain similar ATT estimates using

different matching algorithms (lower bandwidth, Gaussian kernel, nearest-neighbor match-

ing), different sets of conditioning variables (only significant covariates, excluding potentially

endogenous variables), and bootstrapped standard errors.

5.3 Multivalued treatment effects

Up to now we have compared individuals that visited cultural events at least once a month

with those who attended cultural events less often. The difference-in-difference results sug-

gest that the former are just as healthy as the latter. Defining the treatment and control

group in this way, however, could mask health differences across the different levels of cul-

tural participation. For example, even rare visits to cultural events may provide health

benefits relative to non-participation, while increasing cultural participation from at least

once a month to at least once a week might be unrelated to health outcomes.

The effectiveness of cultural-event attendance as a means to improve health outcomes

therefore hinges on the extent of stimulation, that is whether individuals are encouraged

to attend cultural performances at least once a week, at least once a month or less often.

What is more, individuals might be differently affected by these treatments, depending

on their initial level of cultural activity (e.g. Cattaneo, 2010). A better understanding of

heterogeneous effects across treatment levels is also important from a policy perspective. It

ensures that economic resources are geared towards those individuals that gain the most

from cultural participation. The results based on the collapsed binary indicator suggest

that frequent cultural participation, relative to fewer activities, is unimportant for health

outcomes. Hence, from a cost-effectiveness perspective it appears economically unsound to

encourage cultural engagement by allocating vouchers for an event per month or week among

low or non-consumers. Nonetheless, this still leaves the door open for the possibility that

incremental increases in cultural participation are beneficial. Suppose, for instance, that one

could credibly ascertain a positive effect of occasional cultural attendance on health relative

to non-participation. This would suggest that policy makers can improve the health among

the non-participants with relatively little effort.

In this section, we use a multivalued treatment framework and compute the dose-response

relationship between health outcomes and different levels of cultural activity. Specifically,

we use all four categories (at least once a week, at least once a month, less often, never)

of the cultural-attendance variable. Instead of adopting an ordered or multinomial choice

model for the participation equation, we conduct pairwise comparisons and estimate a series
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of binomial models. According to Lechner (2002), this approach provides similar results and

is less prone to misspecification than multinomial or ordered choice models. The matching

algorithm is then applied to each of the following pairwise comparison: at least once a week

vs. at least once a month, at least once a week vs. less often, at least once a week vs. never,

at least once a month vs. less often, at least once a month vs. never, and less often vs.

never.

Thus, the participation probabilities and causal-effect estimates are based on the subpop-

ulation confined to individuals that belong to either of the two groups. For each pairwise com-

parison, we estimate the three propensity-score kernel-matching estimators (cross-sectional,

including pre-treatment health trends, difference-in-difference) presented above. As shown

by Imbens (2000) and Lechner (2002), the interpretation of ATTs in a multivalued treat-

ment framework as causal effects rests on the same identifiying assumptions (conditional

independence and overlap) as in the binary case.

Figure (2) displays the (unconditional) estimated mean of the physical and mental health

scores for each level of the cultural-attendance variable. Generally, health improves with the

frequency of cultural-event attendance. On the one hand, individuals who visited cultural

events less often, at least once a month, or at least once week exhibit greater physical-health

scores than those who never attended cultural events. As indicated by the overlapping

confidence intervals, however, it appears that physical health is basically the same among

those who at least occasionally visit cultural events. On the other hand, the dose-response

relationship seems to be more pronounced for mental health. The mental-health score seems

to be continuously increasing in the level of cultural participation, and the relationship

flattens only for the two highest categories.

Table (4) shows the ATTs from the difference-in-difference propensity score models for

each pairwise comparison.5 The rows include the treatment levels and the columns represent

the control groups, respectively. For example, the physical health score decreases by 0.4

points when cultural participation increases from very low (never) to slightly higher (less

often) levels (not significant).

It appears that cultural-event attendance is particularly beneficial for non-participants.

Their mental-health score rises by 1.5 points when they increase cultural participation to “less

often”, while the corresponding improvement induced by increasing cultural participation to

“at least once a month” and “at least once a week” equals 3 and 4.7 points, respectively.

These estimates are significant at the 99 percent level. The standardized covariate difference

between treated and control units is comparatively large, with a median bias amounting

5Full results including the cross-sectional matching estimator and the matching model including pre-
treatment health outcomes are shown in Table (E.1) in the appendix.

24



45
50

55

M
ea

n 
of

 h
ea

lth
 s

co
re

Never Less often At least
once a month

At least
once a week

Physical health Mental health

Figure 2: Health outcomes by level of cultural participation

to no less than 11% and 6%, respectively. The comparison of health outcomes between

those who “less often” visit cultural events and those who “never” participate apparently

provides a more credible causal effect. The observed differences between treated and control

individuals are relatively low (2.4%), indicating that the treatment and control group are

alike. Hence, even low levels of cultural participation may yield mental-health benefits for

those who never participate.

Nonetheless, the mental-health effects of cultural participation seem to vanish for those

who regularly attend cultural events. Increasing cultural participation from “less often” to

“at least once a month” or from “at least once a month” to “at least once a week” is unrelated

to mental health. Those who visit cultural events less often only experience a mental-health

increment if they increase their cultural participation to a relatively large extent. Their

mental-health score rises by 1.8 points when they visit cultural events at least once a week

(significant at the 95 percent level).

6 Conclusion

In this paper, we examined the causal effect of cultural-event attendance on perceived health

outcomes by seriously taking non-random selection due to observable and unobservable char-

acteristics into account. Results from simple linear regression models suggest that the correla-

tion between arts attendance and mental and physical health is potentially confounded by the
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Table 4: Differential effects of treatment levels

Control group

Treatment group Never Less often More than once a
month

Physical health
Never

Less often -0.072
(0.346)

More than once a month -0.418 -0.095
(0.434) (0.318)

More than once a week -0.767 0.015 0.423
(1.418) (0.533) (0.600)

Mental health
Never

Less often 1.487***
(0.461)

More than once a month 3.072*** -0.037
(0.598) (0.380)

More than once a week 4.747*** 1.750** 0.638
(1.311) (0.696) (0.604)

Estimated ATTs come from regression-adjusted, difference-in-difference propensity-score matching models
for each pairwise comparison. Robust standard errors in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01.
All models condition on demographic background, socioeconomic status, social and leisure-time activities,
health behavior, personality traits, childhood exposure to the arts, and pre-treatment health outcomes.

respondent’s demographic background, socioeconomic status, social and leisure-time activ-

ities, personality traits and health behavior. Estimates from regression-adjusted propensity-

score matching models reveal that attending arts activities at least once a month can improve

mental well-being compared to less frequent visits. This causal effect is robust to reverse caus-

ality and health-related selection, respectively. However, results from difference-in-difference

matching models suggest that the causal-effect estimate can be explained by time-invariant

unobserved heterogeneity. In our context, a possible candidate responsible for unobserved,

time-fixed differences between individuals are cognitive or information-processing skills. Al-

though we control and approximate for educational attainment, personality, and childhood

exposure to the arts, it is possible that we only imperfectly or incompletely account for the

respondent’s cognitive skills in the cross-sectional matching models. A number of binary

comparisons between different treatment levels and control groups reveal that the health
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benefits of cultural participation can be substantial, particularly among those who rarely or

never attend. Low levels of cultural participation can therefore improve the mental-health

outcomes even of those individuals who never visit artistic activities. This result seems

plausible since receptive cultural activities usually involve only limited physical activity and

are more likely to affect psychological well-being through, for instance, an enriched environ-

ment and the health effects of social networks. Furthermore, inactive individuals or those

who have only little experience with cultural activities appear to receive the greatest health

improvements from increased cultural participation.

This has important implications for public policy measures that use arts to improve

health outcomes. Our results suggest that stimulating cultural activity by allocating free

tickets or vouchers for only few events per year among non and low consumers of cultural

services might improve the health status of these individuals to a large extent. Specifically,

the vouchers can be used to initiate cultural engagement. Individuals that rarely or never

attend arts activities probably have no or only little previous experience with arts goods and

services, and are therefore unaware of their potential benefits. The value of these goods,

similar to that of experience goods, is appreciated only after they have consumed it. By

using the voucher, the individuals may learn to appreciate the artistic good and the cost

of arts consumption declines, which presumably increases future cultural activity. Hence, a

program that distributes vouchers for cultural events among those who rarely or never attend

may represent an economically feasible way to improve the mental well-being of those who

are incapable of engaging in cultural activity. It would furthermore suffice that such an

intervention is restricted to a limited period of time. The users of the voucher, if they learn

the benefits of and appreciate cultural activities, may have an economic incentive to visit

cultural events in the future even in the absence of the voucher. Thus, cultural vouchers can

be a cost-effective means to reduce social inequalities in mental health by facilitating access

to cultural events for particularly disadvantaged persons.

However, the empirical strategy employed in this paper has several limitations that could

undermine inference and policy implications. First, we use a rather general indicator of

(high-brow) cultural attendance, which aggregates different types of events into one single

variable. It could be possible that different types of events have different impacts, and that

these effects might cancel out the health benefits. Second, we were unable to ascertain

the health benefits of arts-related programs that aim to communicate and promote health

messages. Hence, our results are confined to the physical and psychological consequences of

general cultural participation with no explicit reference to health. Third, there could exist

other unobserved factors that vary with time, and could influence both cultural participation

and health outcomes. Therefore, it is possible that the causal-effect estimates are biased and
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that we still over- or underestimate the health benefits of arts participation. One way to

deal with this type of endogeneity would be to apply an instrumental variable approach.

This involves finding exogenous variation in cultural attendance which is unrelated to the

outcomes via other unobserved factors. Potential candidates would be local supply-side

indicators that reflect the availability and accessibility of cultural institutions.

Bearing the shortcomings of causal inference with observational data in mind, the “gold

standard” to ascertain the causal effect of cultural participation on health are still exper-

imental designs. Indeed, the research question at hand lends itself to a social experiment

that could involve, for instance, the distribution of cultural vouchers among the inactive or

occasionally active population. Random assignment would ensure that the composition of

the treatment and control group is the same and that any health difference between these two

groups can be attributed to the voucher. Assignment of treatment status would be under the

control of the researcher implying a more credible version of the unconfoundedness assump-

tion as with observational data. We would obtain causal-effect estimates of arts participation

that are presumably unbiased and less vulnerable to systematic selection into the treatment

arising from unobserved heterogeneity and simultaneity. Future research should therefore

include a social experiment that could complement and substantiate our non-experimental

findings for Germany.
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Appendix A Tables and Figures

Table A.1: Summary statistics (N = 4, 267)

Variable Definition Mean SD Min. Max.

Treatment variable

Cultural-event attendance 1= visits cultural events at least

once a month or week, 0=otherwis

0.22 0.42 0 1

Outcome variables

Mental Health Physical component summary scale

(pcs) from SF-12 questionnaire

51.53 9.77 7.65 74.18

Physical Health Mental component summary scale

(mcs) from SF-12 questionnaire

48.29 10.00 15.02 73.08

Demographic background

Sex 1=female, 0= male 0.52 0.50 0 1

Age Age of the individual (included as

dummy variables)

55.53 14.63 24 99

Number of persons Log. of number of persons in the

household

0.81 0.47 0 1.95

Number of children Log. of children under the age of 16

in the household

0.23 0.42 0 1.79

Married 1=married or living together, 0=

otherwise

0.70 0.46 0 1

Separated 1= separated, 0=otherwise 0.02 0.14 0 1

Single 1=single, 0=otherwise 0.14 0.34 0 1

Divorced 1=divorced, 0=otherwise 0.08 0.27 0 1

Widowed 1=widowed, 0=otherwise 0.07 0.26 0 1

Urban region 1=living in urban region, 0=other-

wise

0.48 0.50 0 1

Region undergoing urbanization 1=living in region undergoing urb-

anization, 0=otherwise

0.30 0.46 0 1

Rural region 1=living in rural area, 0=otherwise 0.22 0.42 0 1

Socioeconomic status

Basic track 1=secondary general school leaving

certificate or no degree, 0=other-

wise

0.33 0.47 0 1

Continued on next page...

35



... table A.1 continued

Variable Definition Mean SD Min. Max.

Intermediate track 1=intermediate school degree,

0=otherwise

0.28 0.45 0 1

Academic track 1=leaving certificate from voca-

tional school or college entry exam,

0=otherwise

0.35 0.48 0 1

Training 1=vocational degree, 0=otherwise 0.72 0.45 0 1

University degree 1=university degree, 0=otherwise 0.31 0.46 0 1

Household income Log. of net equivalent household in-

come

10.02 0.60 0 12.84

Employed 1=employed full- or part-time,

0=otherwise

0.58 0.49 0 1

Not employed 1=not employed, 0=otherwise 0.38 0.49 0 1

Unemployed 1=registered unemployed, 0=other-

wise

0.04 0.20 0 1

Social capital/activities

Volunteer engagement 1=volunteer at least once a month

or week, 0=otherwise

0.22 0.42 0 1

Political engagement 1=participate in political activities

at least once a month or week,

0=otherwise

0.04 0.19 0 1

Religious participation 1=attend church or religious events

at least once a month or week,

0=otherwise

0.19 0.40 0 1

Neighbors and friends 1=visit neighbors and friends at

least once a month or week, 0=oth-

erwise

0.76 0.43 0 1

Relatives 1=visit relatives at least once a

month or week, 0=otherwise

0.76 0.43 0 1

Leisure-time activities

Cinema, pop concerts, disco 1=visit cinemas, pop concerts or

discos at least once a month or week,

0=otherwise

0.15 0.36 0 1

Sports 1=exercise at least once a week,

0=otherwise

0.44 0.50 0 1

Continued on next page...
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... table A.1 continued

Variable Definition Mean SD Min. Max.

Eating, drinking 1=go out for a meal or drink at least

once a month or week, 0=otherwise

0.55 0.50 0 1

Excursions, short trips 1=go on excursions or trips at least

once a month or week, 0=otherwise

0.29 0.45 0 1

TV, video 1=watch TV or video daily, 0=oth-

erwise

0.83 0.37 0 1

Computer use 1=use computer privately at least

once a week, 0=otherwise

0.58 0.49 0 1

Artistic activities 1=pursue artistic activities at least

once a month or week, 0=otherwise

0.24 0.43 0 1

Garden work 1=do garden work, hand crafts or

repairing at least once a month or

week, 0=otherwise

0.67 0.47 0 1

Car repair/maintenance 1=do car repair or maintenance at

least once a month or week, 0=oth-

erwise

0.25 0.43 0 1

Sport events 1=attend sport events at least once

a month or week, 0=otherwise

0.11 0.32 0 1

Health behavior

BMI Body mass index calculated as

(weight in kgs/height in ms)

26.34 4.62 16.10 67.20

Smoking status 1=smoker,0=otherwise 0.23 0.42 0 1

Alcohol intake 1=drink alcohol regularly, 0=other-

wise

0.22 0.42 0 1

Nutrition 1=keep healthy diet, 0=otherwise 0.43 0.50 0 1

Personality traits (2005 and 2009 average)

Conscientiousness Score on the conscientiousness scale 5.96 0.79 2 7

Openness Score on the openness scale 4.55 1.07 1 7

Extraversion Score on the extraversion scale 4.82 1.02 1.33 7

Agreeableness Score on the agreeableness scale 5.43 0.86 1.83 7

Neuroticism Score on the neuroticism scale 3.77 1.11 1 7

Childhood conditions

Sports activities during youth 1=did sports during youth, 0=oth-

erwise

0.56 0.50 0 1

Continued on next page...
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... table A.1 continued

Variable Definition Mean SD Min. Max.

Musical activity in youth 1=played and instrument during

youth, 0=otherwise

0.32 0.47 0 1

Basic track (parents) 1=secondary general school leaving

certificate or no degree, 0=other-

wise

0.73 0.44 0 1

Intermediate track (parents) 1=intermediate school degree,

0=otherwise

0.18 0.38 0 1

Academic track (parents) 1=leaving certificate from voca-

tional school or college entry exam,

0=otherwise

0.08 0.27 0 1

Training (parents) 1=vocational degree, o=otherwise 0.55 0.50 0 1

University degree (parents) 1=university degree, 0=otherwise 0.06 0.23 0 1

Large city 1=lived in large city during child-

hood, 0=otherwise

0.25 0.43 0 1

Medium city 1=lived in medium city during

childhood, 0=otherwise

0.18 0.39 0 1

Small city 1=lived in small city during child-

hood, 0=otherwise

0.22 0.41 0 1

Countryside 1=lived in the countryside during

childhood, 0=otherwise

0.35 0.48 0 1

Siblings Number of the respondent’s siblings 1.90 1.69 0 13

Table A.2: SOEP health scales

Subscale (# of items) Response scale/Questionnaire wording

Physical health scale (pcs)

Physical functioning (2) Scale: 1 (greatly) to 3 (not at all)

State of health affects ascending stairs When you ascend stairs, i.e. go up several floors on foot:

Does your state of health affect you greatly, slightly or

not at all?

State of health affects tiring tasks And what about having to cope with other tiring every-

day tasks, i.e. when one has to lift something heavy

or when one requires agility: Does your state of health

affect you greatly, slightly or not at all?

Continued on next page...
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... table A.2 continued

Subscale (# of items) Response scale/Questionnaire wording

Role physical (2) Scale: 1 (always) to 5 (never)

Please think about the last four weeks. How often did

it occur within this period of time, that due to physical

health problems ...

Achieved less due to health last 4 weeks you achieved less than you wanted to at work or in every-

day tasks?

Limited due to health last 4 weeks you were limited in some form at work or in everyday

tasks?

Bodily pain (1) Scale: 1 (always) to 5 (never)

Please think about the last four weeks. How often did

it occur within this period of time, that due to physical

health problems thad you had strong physical pains?

General health (1) Scale: 1 (very good) to 5 (bad)

How would you describe your current health?

Mental health scale (mcs)

Vitality (1) Scale: 1 (always) to 5 (never)

During the last four weeks, how often did you: feel en-

ergetic?

Social functioning (1) Scale: 1 (always) to 5 (never)

During the last four weeks, how often did you: feel

that due to physical and mental health problems your

were limited socially, that is, in contact with friends,

acquaintances, or relatives?

Role emotional (2) Scale: 1 (always) to 5 (never)

During the last for weeks, how often did you: feel that

due to mental health or emotional problems...

Achieved less due to mental health the last 4 weeks you achieved less than you wanted to at work or in every-

day activities?

Less thorough due to health last 4 weeks you carried out your work or everyday tasks less thor-

oughly than usual?

Mental health (2) Scale: 1 (always) to 5 (never)

During the last four weeks, how often did you:...

Run-down, melancholy last 4 weeks feel down and gloomy?

Well-balanced last 4 weeks feel calm and relaxed
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Table A.3: Covariate balance statistics

Unmatched Matched

Variable Treated Control Bias Treated Control Bias

Sex 0.52 0.52 0.9 0.52 0.54 -3

Number of persons 0.75 0.83 -17.6 0.76 0.78 -4.7

Number of children 0.15 0.25 -25.1 0.15 0.18 -6.1

Separated 0.02 0.02 -0.4 0.02 0.02 -1.3

Single 0.14 0.14 -0.5 0.14 0.15 -2.5

Divorced 0.08 0.08 0.7 0.08 0.08 -0.6

Widowed 0.06 0.07 -4.4 0.06 0.06 -2

Urban region 0.57 0.46 23 0.57 0.59 -3.6

Region undergoing urbanization 0.24 0.31 -15.5 0.25 0.24 2.3

Intermediate track 0.24 0.29 -11.9 0.24 0.27 -6.9

Academic track 0.57 0.29 59.2 0.56 0.54 4.2

Training 0.57 0.77 -43.6 0.58 0.59 -3.3

University degree 0.55 0.25 65.9 0.54 0.53 3.3

Household income 10.32 9.94 65.2 10.31 10.30 1.6

Not employed 0.44 0.35 16.5 0.43 0.40 6.2

Unemployed 0.03 0.05 -10.9 0.03 0.03 0

Volunteer engagement 0.34 0.19 32.8 0.33 0.34 -3.3

Political commitment 0.10 0.02 32.5 0.09 0.09 -1.8

Religious participation 0.27 0.17 22.7 0.26 0.25 1.1

Neighbors and friends 0.86 0.73 33.8 0.86 0.85 1.9

Relatives 0.76 0.76 -0.1 0.76 0.76 -0.6

Cinema, pop concerst, disco 0.31 0.11 51.5 0.30 0.30 0.1

Sports 0.63 0.39 49.8 0.63 0.63 -0.7

Eating, drinking 0.78 0.49 64.1 0.78 0.78 0.6

Excursions, short trips 0.49 0.23 57.3 0.48 0.49 -0.1

TV, video 0.78 0.85 -18 0.78 0.77 2.1

Computer use 0.68 0.55 27.8 0.68 0.70 -3.9

Artistic activities 0.45 0.18 61.3 0.44 0.44 -1

Garden work 0.69 0.67 5.2 0.69 0.68 2.8

Car repair/maintenance 0.20 0.27 -16.4 0.20 0.21 -3

Sport events 0.13 0.11 8.5 0.13 0.14 -1.1

BMI 25.52 26.59 -24.3 25.52 25.40 2.7

Smoking status 0.15 0.26 -27 0.15 0.16 -2.7

Continued on next page...
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... table A.3 continued

Unmatched Matched

Variable Treated Control Bias Treated Control Bias

Alcohol intake 0.28 0.20 18.1 0.28 0.28 -0.3

Nutrition 0.30 0.47 -34.4 0.31 0.30 1

Conscientiousness 5.91 5.97 -7.1 5.91 5.91 -1

Openness 5.00 4.42 56.9 4.98 5.03 -4.8

Extraversion 4.94 4.79 15.5 4.93 4.94 -1.1

Agreeableness 5.48 5.41 7.8 5.47 5.48 -1

Neuroticism 3.59 3.82 -21 3.60 3.63 -2.5

Musical activity in youth 0.46 0.28 35.9 0.45 0.47 -3.8

Sports activities in youth 0.61 0.54 14.4 0.61 0.59 3

Intermediate track (parents) 0.24 0.16 19.9 0.24 0.23 1.4

Academic track (parents) 0.13 0.06 24.7 0.13 0.14 -5.4

Training (parents) 0.57 0.55 4.5 0.57 0.58 -1

University degree (parents) 0.08 0.05 13.8 0.08 0.11 -11

Medium city 0.20 0.18 5 0.19 0.19 1.1

Small city 0.20 0.22 -3.1 0.21 0.21 -0.5

Countryside 0.29 0.37 -18.6 0.29 0.28 1

Siblings 1.72 1.95 -13.9 1.72 1.74 -1.7
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Figure A. 1: Pre-treatment trends in health outcomes

Appendix B Propensity-score model

42



Figure B. 1: Predicted probability of cultural-event attendance (at least once a month) by
age.
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Figure B. 2: Determinants of cultural-event attendance (at least once a month), average
marginal effects (90% CI)
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Appendix C Robustness checks

C.1 Using different matching algorithms

The first set of robustness checks assesses the sensitivity of the empirical results to different specific-

ations of the matching procedure. First, the matching models were reestimated using a bandwidth

equal to 0.03 instead of 0.06. The bandwidth choice generally involves a trade-off between the

bias and variance of the causal-effect estimates (see also Caliendo and Kopeinig, 2008). A larger

bandwidth puts greater weight on control individuals with more distant propensity scores, elevat-

ing the risk of using poor matches. One the one hand, this could increase the bias while, on the

other hand, variance is reduced since more observations are used in the calculation of the ATT.

Choosing a smaller bandwidth, to the contrary, reduces bias and increases the variance because it

puts greater weight on similar matches, but uses fewer comparison units from the control group.

However, as shown in panel A of Table (C.1), a lower bandwidth does not substantially alter the

empirical estimates and the conclusions drawn in the previous section.

Panel B of Table (C.1) displays the ATTs from propensity-score kernel matching models using

the Gaussian kernel and a bandwidth equal to 0.06. We do not find significant differences compared

to the models using the Epanechnikov kernel, and the estimates remain fairly robust. This is in

line with the observation that the choice of the kernel is relatively unimportant in practice, because

any kernel will produce similar estimates of the probability density function (DiNardo and Tobias,

2001).

We also applied three variants of the nearest-neighbor matching algorithm (see, for example,

Marcus, 2014; Morgan and Winship, 2007). The basic idea of nearest-neighbor matching is to find

a match for each treated individual that is closest in terms of the propensity score. That is, instead

of using the weighted average of all individuals in the control group, the counterfactual is calculated

based on only one or several control individuals. If only one nearest neighbor is used, the matched

individual receives a weight equal to W (i, j) = 1. In case several nearest neighbors are used, the

weight for the matched individuals equals W (i, j) = 1/ki, where ki is the maximum number of

nearest neighbors assigned to each individual in the treatment group. The weight for unmatched

control individuals is equal to 0. The number of nearest neighbors also involves a trade-off. Using

more comparison units or information to calculate the counterfactual clearly reduces the variance of

the treatment-effect estimates, but it could increase the bias due to the inclusion of poor matches.

We employed nearest-neighbor matching with replacement using 1, 5 and 10 nearest neighbors.

Thus, an individual from the treatment group can be used multiple times for the calculation of the

counterfactual of each treatment unit. Furthermore, to minimize the problem of using poor matches,

we imposed a caliper equal to 0.001. The caliper represents the maximum propensity-score distance

between treatment and control cases. The control individual must lie within this predetermined

range to be included in the calculation of the counterfactual outcome. This should presumably

improve the quality of the matched control subjects but could also increase the estimated variance,
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since fewer information is used to calculate the counterfactual.

Panel C to E of Table (C.1) show the results of the nearest-neighbor matching algorithm using

1, 5, and 10 nearest neighbors. The estimates are, at least qualitatively, comparable to the results

using the kernel matching procedure. One notable exception is the non-significant treatment effect

on mental health derived from the one-nearest-neighbor method (panel D) in model 2. This finding

could, however, result from the loss of information and the increased variance when allowing only

one match for each treatment case. As shown in panel D and E, the treatment-effect parameter

for mental health in column 2 becomes more precise and significant. Hence, the non-significant

estimate could just reflect the trade-off involved in choosing the number of nearest neighbors.

To summarize, the results presented in the previous section are rather insensitive to different

specifications of the matching algorithm.
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Table C.1: Robustness to matching algorithms

Physical health Mental health
(1) (2) (3) (1) (2) (3)

A: Epanechnikov kernel, bw=0.03 0.465 0.501 -0.151 0.893** 0.975** 0.370
(0.368) (0.365) (0.306) (0.404) (0.410) (0.394)

NTreated 932 932 932 932 934 934
NControls 3,283 3,283 3,283 3,283 3,283 3,283
NOff support 21 21 21 21 19 19
Median bias (%) 1.6 1.7 1.7 1.6 1.5 1.5

B: Gaussian kernel, bw=0.06 0.445 0.457 -0.153 0.910** 0.993** 0.364
(0.370) (0.365) (0.308) (0.406) (0.414) (0.396)

NTreated 932 932 932 932 934 934
NControls 3,283 3,283 3,283 3,283 3,283 3,283
NOff support 21 21 21 21 19 19
Median bias (%) 1.6 1.6 1.6 1.6 1.5 1.5

C: Nearest neighbor, NN=1, cal=0.001 -0.070 0.540 0.060 0.630 0.628 0.163
(0.466) (0.452) (0.404) (0.489) (0.467) (0.490)

NTreated 739 751 751 739 751 751
NControls 3,283 3,283 3,283 3,283 3,283 3,283
NOff support 214 202 202 214 202 202
Median bias (%) 2.7 2.7 2.7 2.7 2.9 2.9

D: Nearest neighbor, NN=5, cal=0.001 0.174 0.463 0.136 0.732* 0.738* 0.267
(0.397) (0.393) (0.345) (0.397) (0.399) (0.411)

NTreated 739 751 751 739 751 751
NControls 3,283 3,283 3,283 3,283 3,283 3,283
NOff support 214 202 202 214 202 202
Median bias (%) 1.9 1.9 1.9 1.9 2.3 2.3

E: Nearest neighbor, NN=10, cal=0.001 0.195 0.513 0.136 0.783** 0.814** 0.267
(0.389) (0.386) (0.345) (0.390) (0.394) (0.411)

NTreated 739 751 751 739 751 751
NControls 3,283 3,283 3,283 3,283 3,283 3,283
NOff support 214 202 202 214 202 202
Median bias (%) 1.9 2.1 2.1 1.9 2.0 2.0

Robust standard errors in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01. All models condition
on demographic background, socioeconomic status, social and leisure-time activities, health behavior,
personality traits, and childhood exposure to the arts. Column (1) displays results from the cross-sectional
matching estimator using only the contemporaneous information on health outcomes in 2010. Column
(2) shows estimates from the cross-sectional matching estimator including pre-treatment linear trends in
health outcomes from 2002 to 2008 among the control variables. Column (3) represents the difference-
in-difference matching estimator using the change in health outcomes between 2008 (pre-treatment) and
2010 (post-treatment) as outcome variables.
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C.2 Including only significant covariates

The choice of the control variables is based on previous empirical work and theoretical consid-

erations. However, there is a dispute on which and how many variables should be included in

propensity-score matching analyses. According to, for example, Caliendo and Kopeinig (2008)

there are two pitfalls associated with the inclusion of too many covariates: First, including irrel-

evant variables could make it difficult to find matches for treated individuals, reducing the area of

common support. Second, the inclusion of nonsignificant variables could increase the variance of

the propensity score estimates. We follow the strategy proposed by Marcus (2014) and employ a

forward-selection search for the propensity score model. That is, we estimate a probit model with

the treatment as the outcome and successively add the covariates. A covariate is kept when it is

significant at the 10 percent level. Table (C.2) displays the results from the matching analysis using

only the subset of covariates which were significant in the propensity-score model. However, we

were only able to reestimate the first (cross-sectional) and third (difference-in-difference) models

because the pretreatment trends in health outcomes were not significant in the assignment models.

Nevertheless, the estimates using only significant control variables are fairly similar and support

the conclusions drawn in the previous section.
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Table C.2: Robustness to the conditioning set: significant covariates only

(1) (2) (3)
Cross-sectional + pre-treatment

health trends
DiD

Physical health

ATT -0.046 -0.046 -0.094
(0.382) (0.382) (0.341)

NTreated 936 936 936
NControls 3,283 3,283 3,283
NOff support 17 17 17
Median bias (%) 1.3 1.3 1.3

Mental health

ATT 0.988** 0.988** 0.413
(0.424) (0.424) (0.431)

NTreated 936 936 936
NControls 3,283 3,283 3,283
NOff support 17 17 17
Median bias (%) 1.3 1.3 1.3

a The pre-treatment outcome trends were not significant.

Robust standard errors in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01. All models condition
on demographic background, socioeconomic status, social and leisure-time activities, health behavior,
personality traits, and childhood exposure to the arts.
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C.3 Excluding potentially endogenous covariates

A further issue relates to the question whether some of the control variables are endogenous, that

is whether they are influenced by the treatment variable. As argued by, for example, Rosenbaum

(1984), the conditioning set should only include variables that are unaffected by the treatment or

the anticipation of it. Lechner (2008) discusses the consequences of including such variables. He

shows that the presence of control variables systematically influenced by the treatment can increase

the bias of ATT estimates.

The control variables in our estimation sample are either time-invariant, measured prior to the

treatment, or relate to conditions during childhood and youth. However, it is conceivable that

some covariates can change due to the anticipation of the treatment in the following year. This

particularly holds for the leisure-time and social activities among the control variables, which are

measured the year before the treatment. For example, it could be possible that individuals already

know that they will visit a classical concert or an art exhibition next year. Such highbrow events

are often expensive and the individuals might, in the anticipation of next year’s event, adjust their

behavior in the current year. Hence, they probably spend less on leisure-time activities such as

visiting sport events or holidays, and reduce their consumption of leisure goods to spend more on

and increase their consumption of cultural goods next year. Hence, we dropped the leisure-time and

social-capital variables from the conditioning set and reestimated the matching models. Thus, the

models condition on factors that are assumed to be exogenous with respect to the treatment. These

are the variables that are either time-invariant or cannot be easily adjusted to the anticipation of the

treatment.6 As indicated by Table (C.3), the estimates do not change substantially. Therefore, we

are safe to conclude that a possible influence of future cultural participation on current leisure-time

and social activities does not bias the treatment-effect estimates.

6These include: sex, age, household size and composition, family status, agglomeration level, education,
household income, employment status, personality traits, musical and sports activities during youth, parental
education, place during childhood, number of siblings, and health behavior.
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Table C.3: Robustness to the conditioning set: excluding potentially endogenous covariates

(1) (2) (3)
Cross-sectional + pre-treatment

health trends
DiD

Physical health

ATT 0.500 0.500 0.027
(0.372) (0.367) (0.308)

NTreated 942 942 942
NControls 3,283 3,283 3,283
NOff support 11 11 11
Median bias (%) 1.1 1.1 1.1

Mental health

ATT 0.900** 1.001** 0.412
(0.370) (0.370) (0.376)

NTreated 942 940 940
NControls 3,283 3,283 3,283
NOff support 11 13 13
Median bias (%) 1.1 1.2 1.2

Outcome Yi Yi ∆Yi

Pre-treatment outcome trend No Yes Yes

Robust standard errors in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01. All models condition
on demographic background, socioeconomic status, health behavior, personality traits, and childhood
exposure to the arts.

C.4 Bootstrapped standard errors

In our context, we do not know the true participation probability and the propensity score has

to be estimated. This poses a serious problem to the variance of our matching estimator. It has

been shown by Heckman et al. (1998) that the variance due to the estimation of the propensity

score adds to the variance of average treatment effects. Our matching estimator does not take the

uncertainty associated with the estimation of the propensity score into account. Instead, we rely

on cluster-robust standard errors from the weighted regressions.

Another approach for variance estimation is bootstrapping, particularly if standard errors are

difficult to compute analytically. It generally involves estimating the distribution of treatment

effects in multiple samples randomly drawn with replacement from the observed sample. In this

way, one is able to approximate the sampling distribution of the population mean (Brownstone

and Valletta, 2001). Nevertheless, it is questionable whether bootstrap is valid in the case of

matching. Abadie and Imbens (2008) show that the standard bootstrap procedure fails to provide
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asymptotically valid standard errors in the case of nearest-neighbor matching with a fixed number

of matches. The same authors, however, speculate that bootstrapping is valid in the case of kernel

matching which is asymptotically linear and with which the number of matches increases with

sample size.

Therefore, inference primarily relies on robust standard errors from weighted linear regressions.

To further assess the robustness of the results, we also computed bootstrapped standard errors.

The bootstrap procedure involves the following steps: (i) Draw a random sample with replacement

from the observed sample, (ii) estimate the propensity score, (iii) compute the weights for matched

individuals, (iv) perform weighted regressions to calculate the ATTs using robust standard errors.

The bootstrap is repeated 1,999 times and the bootstrap standard error is obtained by calcu-

lating the standard deviation of the bootstrapped parameter estimates according to the following

formula (see also MacKinnon, 2006):

s∗(β̂) =

√√√√ 1

B − 1

B∑
b=1

(β̂∗b − β̄∗)2,

where B is the number of bootstrap replications, β̂ is the original parameter estimate, β̂∗b is the

corresponding estimate for the bth bootstrap replication, and β̄∗ is the mean of the β̂∗b .

Table (C.4) compares the robust standard errors from weighted linear regressions with the

bootstrapped standard errors. The latter are numerically comparable to the former but slightly

more conservative. Thus, taking the uncertainty associated with the propensity-score estimation

to some extent into account does not invalidate our results.
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Table C.4: Comparison of robust standard errors with bootstrapped standard errors

(1) (2) (3)
Cross-sectional + pre-treatment

health trends
DiD

Physical health

Robust s.e. 0.367 0.365 0.306

Bootstrapped s.e. 0.388 0.386 0.322

Mental health

Robust s.e. 0.403** 0.424** 0.399

Bootstrapped s.e. 0.433** 0.437** 0.420

* p < 0.1; ** p < 0.05; *** p < 0.01. Significance relates to ATT estimates. Robust standard errors are
standard errors from weighted linear regressions clustered at the individual level. Bootstrapped standard
error are based on 1,999 replications. All models condition on demographic background, socioeconomic
status, social and leisure-time activities, health behavior, personality traits, and childhood exposure to
the arts.

Appendix D Effect on 2012 outcomes
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Table D.1: Matching estimates using 2012 outcomes

(1) (2) (3)
Cross-sectional + pre-treatment

health trends
DiD

Physical health

ATT 0.700 0.716 0.448
(0.440) (0.439) (0.375)

NTreated 807 806 806
NControls 2,795 2,795 2,795
NOff support 33 34 34
Median bias (%) 1.8 1.8 1.8

Mental health

ATT 0.100 0.150 0.357
(0.413) (0.412) (0.443)

NTreated 807 811 811
NControls 2,795 2,795 2,795
NOff support 33 29 29
Median bias (%) 1.8 1.8 1.8

Robust standard errors in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01. All models condition
on demographic background, socioeconomic status, social and leisure-time activities, health behavior,
personality traits, and childhood exposure to the arts.
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Appendix E Multivalued treatment effects
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Table E.1: Matching results: pairwise comparisons

Physical health Mental health
(1) (2) (3) (1) (2) (3)

Cross-
sectional

+ pre-
treatment

health
trends

DiD Cross-
sectional

+ pre-
treatment

health
trends

DiD

A: T4 vs. T1 1.930 1.879 -0.767 1.214 1.553 4.747***
(1.392) (1.559) (1.418) (1.444) (1.407) (1.311)

NTreated 38 35 35 38 37 37
NControls 829 829 829 829 829 829
NOff support 79 82 82 79 80 80
Median bias (%) 13.2 11.0 11.0 13.2 14.6 14.6

B: T4 vs. T2 1.746** 1.983** 0.015 0.372 0.537 1.750**
(0.751) (0.734) (0.533) (0.709) (0.693) (0.696)

NTreated 105 105 105 105 105 105
NControls 1,946 1,946 1,946 1,946 1,946 1,946
NOff support 12 12 12 12 12 12
Median bias (%) 4.6 3.7 3.7 4.6 4.5 4.5

C: T4 vs. T3 0.323 0.531 0.423 -0.604 -0.608 0.638
(0.714) (0.721) (0.600) (0.611) (0.604) (0.604)

NTreated 114 115 115 114 114 114
NControls 746 746 746 746 746 746
NOff support 3 2 2 3 3 3
Median bias (%) 2.6 2.8 2.8 2.6 2.4 2.4

D: T3 vs. T1 -0.595 -0.559 -0.418 2.627*** 2.599*** 3.072***
(0.588) (0.584) (0.434) (0.735) (0.724) (0.598)

NTreated 736 736 736 736 728 728
NControls 957 957 957 957 957 957
NOff support 100 100 100 100 108 108
Median bias (%) 6.0 6.2 6.2 6.0 6.0 6.0

E: T3 vs. T2 0.406 0.401 -0.095 0.631* 0.697* -0.037
(0.378) (0.371) (0.318) (0.368) (0.369) (0.380)

NTreated 821 822 822 821 823 823
NControls 2,326 2,326 2,326 2,326 2,326 2,326
NOff support 15 14 14 15 13 13
Median bias (%) 1.2 1.2 1.2 1.2 1.2 1.2

F: T2 vs. T1 0.609 0.635 -0.072 1.280*** 1.194*** 1.478***
(0.449) (0.448) (0.346) (0.483) (0.481) (0.461)

NTreated 2,315 2,315 2,315 2,315 2,313 2,313
NControls 957 957 957 957 957 957
NOff support 11 11 11 11 13 13
Median bias (%) 2.4 2.4 2.4 2.4 2.4 2.4

Robust standard errors in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01. T1=“never”, T2=“less
often”, T3=“at least once a month”, T4=“at least once a week”. All models condition on demographic
background, socioeconomic status, social and leisure-time activities, health behavior, personality traits,
and childhood exposure to the arts.
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