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Abstract 

It is standard practice in the literature to assume that an individual’s marginal utility of consumption is 

independent of health status. If this assumption is not met, it could have important implications for welfare 

economic analyses. The aim of this paper is to provide new, more comprehensive empirical evidence of state 

dependence following the approach used by Finkelstein et al. (2013). We use a rich combination of longitudinal 

survey data and administrative register data. Survey data were obtained from the Survey of Health, Ageing 

and Retirement in Europe (SHARE) and combined with data from the comprehensive Danish registers, 

including individual income data and data on health care utilisation based on the universal ICD-10 

classification system. Utility is measured in terms of subjective well-being attained from the SHARE survey. 

To further increase the power of our sample, we used a state-of-the-art prediction algorithm to enrich the 

register data with information on subjective well-being. With this approach, this paper also makes a general 

methodological contribution on the use of prediction models for data enrichment and imputation. We define a 

reduced form equation in which individual subjective well-being is regressed according to income and health 

with an interaction effect capturing state dependence. Our results show evidence of negative state dependence. 

From our baseline regression, the estimated magnitude suggests that marginal utility of consumption decreases 

by 14.6% when an individual becomes sick. The results are robust to different levels of risk aversion and to 

assumptions regarding the mapping of the latent utility onto observed utility.  

Keywords: Utility ∙ Health risk ∙ Consumption 

JEL: C53 ∙ D12 ∙ I1 ∙ J14 
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1. Introduction 

Despite the risk of oversimplification, it is commonly assumed that an individual’s marginal utility of 

nonmedical consumption is independent of their health status (Hall & Jones, 2007; Meyer & Mok, 2019; 

Mitchell, Poterba, Warshawsky, & Brown, 1999). If, in addition to reducing overall utility, adverse health 

effects also change the shape of the utility function, it will impact individual intertemporal decisions such as 

optimal insurance and savings decisions (Arrow, 1974). Consequently, not controlling accurately for health-

related state dependence could result in biased estimates and have implications for policies such as healthcare 

allocations (Finkelstein, Luttmer, & Notowidigdo, 2009). In this paper, we define positive (negative) state 

dependence as being present if the marginal utility of consumption increases (decreases) when health 

deteriorates as according to the sign of the mixed second order partial derivative 

𝜕𝜕2𝕌𝕌
𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕 𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝜕𝑙𝑙𝜕𝜕ℎ

. Therefore, if the shape of the utility function does not change with changes in health 

status, the utility function is said to exhibit state independence of health. The consequences of (incorrectly) 

assuming state independence is relevant for a wide range of theoretical and applied work and can easily be 

recognized in insurance analyses. If state dependence is negative (positive), the optimal level of insurance will 

be lower (higher) than the insurance coverage when marginal utility of consumption is independent from the 

state. Similarly, for welfare analyses, inferences about net social benefits will be biased if the analysis fails to 

account for state dependence. Roemer (2001) shows that a transfer from sick individuals to healthy individuals 

will cause social welfare to increase when state dependence in the population is negative. The same applies to 

studies using the compensating income variation approach to evaluate health status (Asgeirsdottir, Birgisdottir, 

Ólafsdóttir, & Olafsson, 2017; Groot & van den Brink, 2007; Howley, 2017; i-Carbonell & van Praag, 2002). 

Here, the results will be positively (negatively) biased if health-related state dependence is negative (positive) 

because the level of income needed to increase individual well-being will increase at a decreasing (increasing) 

rate as health deteriorates.  

Both negative and positive state dependence can be justified theoretically The effect will be positive when 

consumption of non-health-related goods can substitute for good health whereas it will be negative, when 

health and consumption are complementary goods. Which effect is the stronger remains an empirical question. 
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Because of the need for rich, individual-level data to adequately quantify the relationship between the marginal 

utility of consumption and health status, the empirical literature remains limited, and the results mixed. Our 

review of the empirical literature shows that, among the 15 published studies, eight find marginal utility of 

consumption decreases with deteriorating health, five find that it increases, whereas two studies find no 

evidence of a relationship between marginal utility of consumption and  of health status. Moreover, it appears 

that conclusions differ markedly across studies, even for studies using similar methodologies. In their seminal 

paper Viscusi and Evans (1990) elicit preferences for wage–risk trade-offs. They find that the marginal utility 

of income is significantly lower when workers were injured than when they were healthy. Finkelstein, Luttmer, 

and Notowidigdo (2013) utilise the longitudinal survey data on elderly and near-elderly people from a US 

Health and Retirement Study and employ subjective well-being (SWB) as a proxy for utility, They find that 

the marginal utility of consumption decreases as health deteriorates and estimate that the reimbursement rate 

of medical expenditures of health insurances should be around 20-45% lower than under the standard 

assumption of state-independent utility. Most recently, Kools and Knoef (2019) find evidence of positive state 

dependence by deriving a health equivalence scale from the relative changes in income needed to maintain an 

individual’s level of financial well-being after a health shock. In contrast, Viscusi (2019) find a significant 

negative relationship between marginal utility of consumption and health defined as reduced risk of cancer. 

Table C1 in the appendix provides a brief overview of the empirical studies and (where possible) the sign and 

magnitude of the state dependence. For an in-depth review of the existing literature we refer to Viscusi (2019).   

Given the increased awareness more studies are incorporating state dependence into their models (Galama & 

van Kippersluis, 2019; Schünemann, Strulik, & Trimborn, 2017) or subsequently testing the implication of the 

assumption using figures such as those by Finkelstein et al. (2013) (Peijnenburg, Nijman, & Werker, 2017). If 

such approaches are to succeed, more empirical evidence is needed that explores the robustness of previous 

findings and improves our understanding of the underlying determinants of state dependence. The present 

paper seeks to fill this gap in the literature. The aim of this paper is to provide new and more comprehensive 

empirical evidence of state dependence following the approach used by Finkelstein et al. (2013). We contribute 

to the literature on state dependence in several ways. First, we revisit the findings of Finkelstein et al. (2013) 
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using a richer combination of longitudinal survey data and register data. Our survey data are obtained from the 

Danish responses to the Survey of Health, Ageing and Retirement in Europe (SHARE) (Börsch-Supan et al., 

2013) and combined with data from the comprehensive Danish registers. From SHARE, we extract individual 

information on subjective life satisfaction as a proxy for utility. From the registers, we extract detailed 

information on income as well as a range of socio-demographic controls. As our primary measure of health 

shocks, we use data from registers on healthcare utilisation, using the ICD-10 classifications to map the 

Charlson Comorbidity Index (Charlson, Pompei, Ales, & MacKenzie, 1987). This combination of data sources 

allows us to overcome some of the shortcomings of previous studies that rely solely on self-reported measures 

of health and income. Second, this paper adds to the current literature by analysing the impact of the type and 

size of a health shock on observed state dependence. We categorise health shocks using the disease 

classification codes in the Charlson Comorbidity Index. This allow us to investigate the possible differences 

in the effects of treatment across different health shocks. As an alternative measure of a health shock, we 

employ the Elixhauser Comorbidity Index (Elixhauser, Steiner, Harris, & Coffey, 1998) and prescriptions of 

antidepressants or antianxiety medications. Third, we shed light on other factors affecting the amount of state 

dependence. We conduct sub-group analyses to investigate heterogenous effects on state dependence based on 

gender, level of education and employment status. Moreover, it is likely that the impact of a health shock on 

personal well-being depends on the individual’s initial state of health (d'Uva, O'Donnell, & van Doorslaer, 

2008). We therefore analyse the extent to which the impact of a health shock varies based on the individual’s 

health status prior to an adverse health incident. Finally, to deal with the possibility of specification issues, we 

perform a range of robustness analyses. 

Due to the mixed findings of previous studies and the lack of theoretical arguments, we do not establish an ex 

ante hypothesis for the sign of state dependence. Hence, our research method makes no assumption about the 

expected findings. In formal terms, we provide evidence for the existence of state dependence by assuming 

state independence as the null hypothesis. We then show that this theory is inconsistent with the data. Our 

empirical method works by linking changes in income and health to changes in SWB. In line with Finkelstein 

et al. (2013), we suggest that state dependence can be estimated as the marginal return of consumption on the 
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utility proxy when an individual is ill relative to the marginal return of consumption on the utility proxy when 

the individual is healthy. To the best of our knowledge, this study is the first to utilise this unique combination 

of survey and register data to measure state dependence. To further increase the power of our sample, we use 

a state-of-the-art prediction algorithm to enrich the register data with information on SWB. We therefore also 

make a general methodological contribution to the use of prediction models for data enrichment and 

imputation. We find strong and consistent evidence of negative state dependence. From our baseline 

regression, the estimated magnitude suggests that the marginal utility of consumption decreases by 14.6% 

when an individual becomes ill. Our findings are robust to different degrees of risk aversion, as well as 

employment status and other measures of health shocks.  

The remainder of the paper is structured as follows. Section 2 introduces our theoretical and empirical 

approach. Section 3 presents the data. The results are presented in section 4, and section 5 concludes the paper. 

 

2. Methods 

We closely follow the conceptual framework developed by Finkelstein et al. (2013). The utility function draws 

on Weil (1990) and Epstein and Zin (1989) and allows the intertemporal elasticity of substitution and the risk 

aversion parameter to vary independently (in contrast to the standard Von Neumann–Morgenstern 

specification). We use a two-period model in which individuals choose their consumption and level of 

healthcare utilisation to maximise lifetime utility. The marginal utility of consumption is allowed to vary with 

health status, and health status is assumed to be binary, implying that an individual can either be healthy (𝑆𝑆 =

0) or sick (𝑆𝑆 = 1). In the first period, all individuals are healthy and have a probability 𝑝𝑝 of becoming sick in 

the second period. Without knowing their future health status, individuals must decide how much to consume 

in the first period and how much to save for the second period. In the second period, health status is revealed, 

and the individual then must decide how to divide savings between consumption and healthcare services. For 

a full description of the theoretical model, see Finkelstein et al. (2013). 

The solution to the maximisation problem results in a two-period utility function as follows: 
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where 𝛾𝛾 denotes the coefficient of relative risk aversion; 𝐶𝐶1 and 𝐶𝐶2 are consumption in the first and second 

periods, respectively; 𝛿𝛿 is the discount rate; 1
𝜃𝜃
 denotes the elasticity of intertemporal substitution and Ψ(𝐻𝐻) =

𝜑𝜑2(1 − 𝛾𝛾)−1𝐻𝐻1−𝛾𝛾 represents the utility derived from the utilisation of health services. Both 𝜃𝜃 and 𝛾𝛾 are 

assumed to be non-negative. According to Equation (1), an individual’s health directly affects the marginal 

utility of consumption in the second period through parameter 𝜑𝜑1. 

 

2.1. Empirical strategy 

We estimate the latent utility function using the following fixed effect model specification: 

 𝑆𝑆𝑆𝑆𝐵𝐵𝜕𝜕𝜕𝜕 = 𝑔𝑔�𝛽𝛽1𝑆𝑆𝜕𝜕𝜕𝜕 ⋅ 𝑌𝑌�𝜕𝜕
1−𝛾𝛾 + 𝛽𝛽2𝑆𝑆𝜕𝜕𝜕𝜕 + 𝛽𝛽3 ⋅ 𝑌𝑌�𝜕𝜕

1−𝛾𝛾 + 𝝀𝝀𝝀𝝀′𝒊𝒊𝒊𝒊 + 𝜅𝜅𝜕𝜕 + 𝛼𝛼𝜕𝜕� (2) 

where 𝑖𝑖 indexes the individuals, 𝑡𝑡 indexes the years, 𝑆𝑆 measures the individual’s health, 𝑌𝑌𝚤𝚤�  is permanent 

household disposable income, the parameters (𝛽𝛽1,𝛽𝛽2,𝛽𝛽3) are the parameters of primary interest, 𝝀𝝀′ is the 

(𝑘𝑘 × 1) vector, and 𝝀𝝀 is a (1 × 𝑘𝑘) row vector of coefficients corresponding to the variables in 𝝀𝝀′. 𝝀𝝀 is a vector 

of control variables which includes marital status, household size, partner’s health, dummies for education and 

occupation, and a polynomial in age. 𝜅𝜅𝜕𝜕 is a full set of year dummies, and 𝛼𝛼𝜕𝜕 are individual fixed effects. The 

function 𝑔𝑔(… ) maps the underlying latent utility onto observed 𝑆𝑆𝑆𝑆𝐵𝐵, which serves as a proxy for utility. If 

we assume that the mapping function 𝑔𝑔(… ) is linear, Equation (2) can be estimated via OLS using the fixed 

effects estimator1. 

 
1 Alternatively, Equation (2) can be estimated using an ordered response function such as an ordered logit or probit. Riedl 
and Geishecker (2014) show that this approach yields a negligible improvement in the bias compared to a linear fixed 
effects model when the outcome of interest is a ratio between two parameters. Because we are only interested in the ratio 
𝛽𝛽1 𝛽𝛽3⁄ , we assume a linear mapping of 𝑔𝑔(… ) in all the following results. Furthermore, fixed effects cannot be estimated 
consistently for the ordered response model due to the incidental parameter problem (Lancaster, 2000; Neyman & Scott, 
1948). Working with relatively short panels can lead to significant bias in the estimated parameters (Greene, 2004). One 
solution to this problem is the ‘blow-up and cluster’ estimator (Baetschmann, Staub, & Winkelmann, 2015). The method 
works by collapsing the response variable into binary outcomes defined by different cut-offs for the original response and 
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Each 𝑖𝑖 in Equation (2)corresponds to repeated observations of an individual in the second period of the 

theoretical model. The individual fixed effects estimator enables us to control for time-invariant omitted 

variables. However, the estimator implies that any effect on 𝑆𝑆𝑆𝑆𝐵𝐵 coming from time-invariant variables, such 

as permanent income, will be captured by the fixed effects, so 𝛽𝛽3 cannot be identified in Equation (2). To 

overcome the estimation problem of 𝛽𝛽3, we run a secondary auxiliary regression on the estimated fixed effects 

from Equation (2): 

 𝛼𝛼�𝜕𝜕 = 𝜇𝜇𝜕𝜕 + 𝛽𝛽3 ⋅ 𝑌𝑌�𝜕𝜕
1−𝛾𝛾 + 𝝀𝝀𝝀𝝀′𝒊𝒊𝒊𝒊 + 𝜂𝜂𝜕𝜕 (3) 

where 𝛼𝛼�𝜕𝜕 are the estimated fixed effects and 𝝀𝝀 is a vector of control variables containing the same variables as 

Equation (2), along with control variables which are fixed over time. Combining Equation (2)and Equation  

(3), we can infer state dependence solely from the sign and statistical significance of 𝛽𝛽1. If 𝛽𝛽1 can be shown to 

differ significantly from zero, the actual magnitude of the state dependence can be quantified from the ratio 

𝛽𝛽1 𝛽𝛽3⁄ . Because 𝛽𝛽1 and 𝛽𝛽2 are estimated from two separate regressions, the standard errors of the ratio between 

the two are estimated using bootstrapping with 10,000 iterations. 

3. Data 

The present study utilises the comprehensive collection of Danish administrative data in conjunction with data 

from the Survey of Health, Ageing and Retirement in Europe (SHARE) (Börsch-Supan et al., 2013), formally 

REGLINK-SHAREDK (Survey of Health, 2020). Because both the SHARE survey and the national registers 

are linked to respondents’ social security numbers, we were able to combine the registers’ accuracy with the 

versatility of the SHARE survey. This gave us the unique opportunity to combine the large number of 

participants in the SHARE survey (N = 9,944) with the comprehensive collection of individual information in 

the Danish registers. We extract socio-demographic information from the registers, including income and 

health diagnoses, and collect the utility proxy from SHARE. In other words, this study uses objective 

information from administrative data, an uncensored and precise data source, rather than self-reported data, 

 
then estimating a conditional logit, taking the clustering into account when estimating the standard errors. As a control, 
we ran the ‘blow-up and cluster’ estimator; this method yields estimates of health state dependence that are reassuringly 
similar to those obtained from OLS with fixed effects. The results are provided in the appendix (Table C2). 



8 
 

which can be subject to recall bias and heterogenous reporting behaviour. Information that needs to be 

preference based, such as SWB, is collected via a survey from the Danish population. In addition, the 

REGLINK-SHAREDK contains register data for a control sample of individuals matched for gender and age 

to SHARE respondents (1:5), along with their spouses/partners, adding another 155,000 observations to the 

sample. 

 

3.1. Measures from the SHARE survey 

SHARE is a cross-national survey conducted in Europe to study the health and aging of European citizens 

aged 50 and above. The database is multidisciplinary and the survey contains information on health, socio-

economic status, and social and family networks. Survey data is collected using face-to-face computer-aided 

personal interviews (CAPI) to increase the reliability and precision of the answers. So far, seven waves of the 

survey have been conducted over a 14-year period from 2004 to 2017. This paper utilises the Danish data for 

waves 2, 4, 5 and 6 collected from 2006 to 2015 (Börsch-Supan, 2017a, 2017b, 2017c, 2017d) that include 

information on life satisfaction. This leaves us with 3,560 unique individuals and 9,944 person-years to be 

linked with corresponding longitudinal data from the registers. Our key variable for the analysis is the utility 

proxy provided by the respondents’ answers to the SWB question: On a scale from 0 to 10, where 0 means 

completely dissatisfied and 10 means completely satisfied, how satisfied are you with your life in general? 

SWB serves as a cardinal measure of the true latent utility commonly applied in literature on happiness (Diener, 

2009). 

In all waves, SHARE respondents are presented with a card listing 21 possible chronic conditions and asked 

to state which of the outlined chronic conditions a doctor had ever diagnosed them with. This question is very 

similar to the question in the Health and Retirement Survey that Finkelstein et al. (2013) use as their health 

measure. To compare our results to Finkelstein et al. (2013), we therefore initially perform the analysis using 

the survey item from SHARE as our health indicator (𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ𝜕𝜕𝜕𝜕). 

 



9 
 

3.2. Measures from the registers 

From the Danish registers, we extract all the information needed to construct the health and income measures, 

which are the main independent variables depicted in Equation (2) and Equation (3). As the consumption 

measure, we used household yearly equivalent disposable income, corrected for family size and age 

distribution within the household/family to account for economics of scale (Hagenaars, De Vos, & Asghar 

Zaidi, 1994); income was also adjusted for inflation using the CPI published by Statistics Denmark (Denmark, 

2019). In line with Finkelstein et al. (2013), we averaged the disposable income measure over time within each 

household to account for the fact that households might use savings to smooth out consumption over time, 

which could demean the measure for interpretation purposes. 

Individual health state (𝑆𝑆𝜕𝜕𝜕𝜕) is measured using validated comorbidity indices (𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ𝜕𝜕𝜕𝜕), the Charlson 

Comorbidity Index (Charlson et al., 1987; Quan et al., 2011) and the Elixhauser-van Walraven Comorbidity 

Index (van Walraven, Austin, Jennings, Quan, & Forster, 2009); with the former as our main measure. Both 

indices are widely used in the literature on health services as a measure of an individual’s health status. The 

Charlson Comorbidity Index includes 17 comorbid conditions, and the Elixhauser-van Walraven Comorbidity 

Index includes 30 comorbid conditions. Each condition is assigned a weight (ranging from 0 to 6 for the 

Charlson Comorbidity Index and -7 to 12 for the Elixhauser-van Walraven Comorbidity Index) based on the 

adjusted risk of mortality. The sum of all the weights results in an individual’s comorbidity score. A score of 

zero indicates no comorbidities; the higher the score, the higher the level of comorbidity. Both indices are 

calculated annually based on the tenth version of the ICD codes (ICD-10) obtained from the Danish National 

Patient Registry over the previous five years. 

While the two comorbidity indices provide valid composite measures of physical health, they are less suited 

to capturing mental comorbidities (only somatic conditions are included in the indices, with the exception of 

one category for depression in the Elixhauser-van Walraven Comorbidity Index). In order to provide an 

alternative measure of adverse health incidences, we extract data on prescriptions from the National 

Prescription Register to determine whether individuals had received prescriptions for antidepressants and/or 

anti-anxiety medications within the last year. Psychopharmaceutical prescriptions have been shown to 
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correlate highly with the severity of mental disorders and are thus considered a suitable proxy for individuals’ 

state of mental health (Demyttenaere et al., 2008). 

In addition to income and health status, we also include information on gender, age, household size, level of 

education, marital status and occupational status. 

 
Imputations 

If we rely solely on the SHARE data we will have significant power issues (as we will demonstrate in the 

results section). To overcome this limitation we therefore predict SWB using algorithms with inputs derived 

from the administrative data included in SHARE-REGLINK. This enable us to use the predicted SWB as the 

dependent variable for the empirical analysis of the full SHARE-REGLINK dataset, which in addition to 

SHARE respondents also include the control sample, thus boosting the sample size from 9,944 to 155,844 

annual SWB observations (corresponding to 21,594 individuals). We treat the problem as a pure prediction 

problem as we are not interest in inference. We use supervised machine learning to address the predictive 

power problem. Machine learning methods have proven superior to classic economic methods, as they provide 

more precise and consistent predictions (Mullainathan & Spiess, 2017; Varian, 2014). For an in-depth 

description of the method, see the appendix. 

 

3.3. Analytical strategy 

We use a stepwise approach to clarify our analytical strategy. To establish a baseline comparison, we follow 

the strategy by Finkelstein et al. (2013) as closely as possible in our Model I. We therefore rely on the sample 

of SHARE respondents (including individuals who had participated in the SHARE survey at least twice) and 

use self-reported information on chronic illness from the survey. When we compare self-reported income from 

SHARE to the income reported in the registers, we find substantial differences, suggesting misreported 

income2. As pointed out by Kreiner, Lassen, and Leth-Petersen (2013), income measures collected via surveys 

 
2 See Figure A1 in the online appendix for a graphic illustration of the reporting differences. 



11 
 

might suffer from measurement error and should therefore be handled with caution. To enhance the reliability 

of our income measure, we used administrative data for income in all our models. Model II was designed to 

reduce potential biases associated with the use of self-reported health data. Although a question about the 

number of chronic diseases is relatively objective, it can still be subject to (systematic) measurement errors. In 

addition to recall bias, poor health literacy might be associated with misreporting. Moreover, the question is 

imprecise in terms of timing (i.e. ‘has a doctor ever…’), which further reduces its accuracy and applicability. 

Therefore, in Model II, we replace the health variable with an objective register-based disease measure, the 

Charlson Index. As in Model I, we restrict our sample to SHARE respondents. Comparing Model I to Model 

II enable us to determine whether the choice of health measure impact the results significantly. In Model III, 

we use the same specifications as in Model II, but apply the enrich data set adding all observations from the 

REGLINK-SHAREDK and using the imputed SWB. Finally, to validate our prediction model we also run 

Model III on the holdout part of the SHARE sample (Table C3 in the Appendix).  

 

Further analysis 

Employing Model III, we run a large series of analyses. First, we examine subsets based on gender and 

education to analyse heterogeneity in the treatment effects. Second, we examine the effect of different adverse 

health events by dividing the Charlson Comorbidity Index into the 17 disease-specific conditions. To measure 

health state dependence resulting from mental disorders, we use data on prescriptions of antidepressants and 

anti-anxiety medications. We supplement this analysis by using the alternative Elixhauser-van Walraven 

Comorbidity Index and including a separate analysis of the depression category. For all of these analyses, the 

parameter ‘state of health’ is measured as a binary variable indicating whether the individual had been 

diagnosed with the examined conditions within a five-year period. Third, we analyse whether the shape of the 

utility function depends on the individual’s health status. To do this, we divide individuals in two groups 

according to their Charlson Comorbidity Index: those with no registered comorbidities (index score of 0) and 

those diagnosed with comorbidities (index score > 0) in the initial year of analysis or during the five previous 

years.  
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Robustness checks 

We conduct a range of checks to verify the robustness of our findings and model specification. This include 

changing the risk aversion parameter (𝛾𝛾 in Equation (1)), which is set to one in our main analysis in accordance 

with Finkelstein et al. (2013). In addition to assuming risk neutrality (𝛾𝛾 = 0), we also assume 𝛾𝛾 to be below 

(𝛾𝛾 = 0.96) and above one (𝛾𝛾 = 1.26) using the established values derived by Harrison, Lau, and Rutström 

(2007)  and Layard, Mayraz, and Nickell (2008). To test the accuracy of the underlying assumption that income 

is unaffected by adverse health events, we divide our sample into retirees3 and those who are active in the 

labour market. As retired individuals are not part of the job market, their disposable income, or at least the 

portion derived from a pension, will be unaffected by their health status. We also re-estimate our model 

excluding individuals diagnosed with dementia. As measurement errors are likely to be higher among 

cognitively impaired individuals (Fausto, Badana, Arnold, Lister, & Edwards, 2018), this enable us to examine 

the sensitivity of our results to accurate reporting of SWB. Finally, we examine whether closeness to death 

affected our findings. An adverse health event is likely to impact remaining life expectancy, and as an 

individual’s ability to consume approaches zero with death, the marginal utility of income is likely to decrease 

(although it is likely to remain positive due to bequest motives) (Philipson, Becker, Goldman, & Murphy, 

2010). We therefore run an analysis excluding individuals who die during the study period.  

4. Results 

Table 1 below shows the average descriptive statistics for our two samples; the Danish SHARE respondents 

and the REGLINK-SHAREDK sample. The descriptive statistics consist of information from the 

administrative registers for the project period (2006–2015) on socio-demographics and health care utilisation, 

including the comorbidity indices. For the SHARE sample, the table also includes information on the mean of 

self-reported SWB and the number of chronic diseases listed in the survey. There are small differences between 

the two samples. The REGLINK-SHAREDK sample is more balanced by gender and tends to be younger and 

 
3 Includes early retirement and old-age pensioners. 
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better educated but in worse health than the Danish SHARE sample, which suggests some degree of attrition. 

According to the recruitment procedure, the SHARE sample includes answers from the individuals sampled 

for the survey and, with respondents’ agreement, their spouses/partners. If non-participation/dropout among 

spouses/partners is non-random, this would cause the SHARE sample to differ from the control group, which 

is likely the effect seen here. On average, SHARE respondents are satisfied with life and report a well-being 

of 8.60, with a median of 9. The average Charlson Index for the SHARE sample is 0.28 (𝑆𝑆𝑆𝑆 =  0.77) with a 

median value of 0, indicating a high degree of variation in individuals’ health conditions within the sample.
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Table 1: Descriptive statistics 

 SHARE sample  REGLINK-SHAREDK 

Variable Mean SD Median Min Max Within 
SD 

 Mean SD Median Min Max Within 
SD 

 Demographics  Demographics 
SWB 8.60 1.39 9 0 10         
Income (000s) 278.09 112.79 257 108.3 815.4   266.69 109.30 246.56 46.02 822.96  
Female 0.55 0.50 1 0 1   0.52 0.50 1 0 1  
Age 65.13 10.09 64 32 102   62.21 9.76 61.00 27 102  
Household size 1.83 0.53 2 1 5   1.88 0.74 2.00 1 8  
 Education  Education 
Primary and preparatory education 
(ISCED 0-2) 

0.27 0.44 0 0 1   0.32 0.47 0 0 1  

Upper secondary level (ISCED 3) 0.45 0.50 0 0 1   0.45 0.50 0 0 1  
Higher education (ISCED 4-8) 0.26 0.44 0 0 1   0.21 0.41 0 0 1  
Missing 0.02 0.13 0 0 1   0.02 0.14 0 0 1  
 Marital status  Marital status 
Married 0.71 0.45 1 0 1   0.73 0.45 1 0 1  
Divorced 0.11 0.31 0 0 1   0.12 0.32 0 0 1  
Widowed 0.12 0.32 0 0 1   0.08 0.27 0 0 1  
Single 0.06 0.24 0 0 1   0.08 0.27 0 0 1  
 Occupation  Occupation 
Retired 0.54 0.50 1 0 1   0.49 0.50 0 0 1  
Employed 0.43 0.50 0 0 1   0.47 0.50 0 0 1  
Unemployed 0.03 0.17 0 0 1   0.04 0.20 0 0 1  
 Health  Health 
Number of chronic diseases 1.55 1.44 1 0 10 0.68        
Charlson Comorbidity Index 0.28 0.77 0 0 10 0.43  0.34 0.89 0 0 11 0.57 
Elixhauer van-Walraven Comorbidity 
Index 

0.76 2.53 0 -7 27 1.43  0.96 2.92 0 -11 44 1.86 

Anti-anxiety medication 0.05 0.22 0 0 1 0.12  0.06 0.25 0 0 1 0.15 
Anti-depressants 0.10 0.30 0 0 1 0.14  0.10 0.30 0 0 1 0.17 
 N: 9,944 Individuals: 3,560  N: 155,844 Individuals: 21,594 
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Table 2 provides our primary estimation results from Equation 2. Model I replicates the main results of 

Finkelstein et al. (2013). The first coefficient, 𝛽𝛽2, shows that the self-reported number of chronic diseases have 

a negative and significant association with SWB for an individual with average income. The second coefficient, 

𝛽𝛽3, shows that consumption, in this case proxied by average income, has a positive and significant association 

with SWB. An increase in income is hence associated with higher levels of SWB. The third coefficient, 𝛽𝛽1, 

shows that the interaction between 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ and log(𝑌𝑌�𝜕𝜕) has a positive but insignificant association with SWB. 

State dependence is calculated as 𝛽𝛽1 𝛽𝛽3⁄  and is expressed as either a one-unit increase in the heath measure or 

as an increase of one standard deviation in the health measure. This simplifies the comparison of health 

measures across different scales. The state dependence is 0.228, which means that the marginal utility of 

consumption increases by 22.8% when the number of self-reported chronic diseases increases by one standard 

deviation (𝑆𝑆𝑆𝑆 =  0.68). The result has the opposite sign to that found by Finkelstein et al. (2013), but it is also 

highly insignificant. Kools and Knoef (2019) recently investigate health state dependence using the full 

SHARE dataset for all European countries but relying solely on survey data. They found significant results in 

favour of positive state dependence, similar to our findings in Model I 

To deal with potential measurement errors of health incidences, in Model II, we replace our health measure 

with the Charlson Comorbidity Index (Table 2). The sign and significance remain the same for both the health 

and consumption coefficients. The coefficient for state dependence, on the other hand, becomes negative, 

although it remains insignificant. When we compare Model I to Model II, health state dependence shifts 

(although not significantly) from positive to negative. This suggests that the estimate of positive health state 

dependence in Kools and Knoef’s (2019) could be related to the self-reporting of disease conditions in the 

SHARE survey4.  

Model III shows our main result. Here, we apply the imputed measure of SWB to the REGLINK-SHAREDK 

sample. This increase our sample size considerably. Reassuringly, we only observed minor changes to our 

covariates. As expected, all variables became more significant, supporting our concern about the inadequate 

 
4 Kools and Knoef (2019) use another approach based on the income needed to maintain financial well-being after a health 
shock. Consequently, they use a different, narrower measure of utility.   
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statistical power of an analysis that relies exclusively on the SHARE sample. The results of Model III clearly 

indicate negative health state dependence with a confidence interval for the magnitude well below zero. The 

magnitude indicates that the marginal utility of consumption decreases by 26% when the Charlson 

Comorbidity Index increases by one and by 15% when the Charlson Comorbidity Index increases by one 

standard deviation. Both the sign and magnitude of our estimated health state dependence correspond to those 

found by Finkelstein et al. (2013).  

To test the quality of our imputed measure of SWB we run a model on the holdout part of the SHARE sample 

and use the imputed SWB measure. The results can be found in Table C3 in the Appendix. As expected, we 

obtain coefficients comparable to those obtained from the self-reported SWB. This validate our estimation 

strategy. We are hence confident in the appropriateness of using the imputed measure of SWB and the SHARE-

REGLINKDK data for further analysis. 
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Table 2: Regression results.  

 Dependent variable: Subjective well-being 
 Model I 

(1) 
Model II 
(2) 

Model III 
(3) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.0359** 

(0.0149) 
-0.0587** 

(0.0248) 
-0.1941*** 

(0.0048) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.1791** 

(0.0686) 
0.3406*** 

(0.0697) 
0.3344*** 

(0.0115) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 0.0677 
(0.0428) 

-0.0729 
(0.0763) 

-0.0866*** 

(0.0133) 

    

 State dependence 
1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ 0.378 

[-0.135; 0.891] 
-0.214 
[-0.662; 0.234] 

-0.259*** 

[-0.374; -0.144] 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ 0.257 
[-0.092; 0.606] 

-0.092 
[-0.284; 0.1] 

-0.1464*** 

[-0.211; -0.082] 

Observations 9,872 9,872 155,844 
Health measure Number diseases 

(survey-based) 
Charlson 
(register-based) 

Charlson 
(register-based) 

Sample SHARE (DK) SHARE (DK) REGLINK-SHAREDK 

Demographic controls ✓ ✓ ✓ 
Fixed effects ✓ ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
95% bootstrapped confidence intervals in brackets. 

 
 
4.1. Disease-specific health state dependence  

In Table 3 we divide the Charlson Comorbidity Index into separate disease categories (Table C4 in the 

appendix lists the number of observations and individuals in each of the 17 comorbidity conditions). We do 

this to examine whether health state dependence is contingent on the type and implied size of the experienced 

health shock5. As expected, we find that the incidence of a disease significantly reduces overall utility (𝛽𝛽2) in 

all but one of the conditions. Moreover, it becomes clear that state dependence varies across diseases; there is 

a general tendency that being diagnosed with a health condition alters the utility function by reducing the 

marginal utility of income. We find that 12 out of the 16 conditions entail negative health state dependence; 

 
5 We have not reported the results for HIV as this condition has very few identified cases in our sample. 
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eight conditions are significant at the 10% level or below. The largest effects are observed for rheumatic 

diseases (column 7), diabetes with complications (column 11), cancer (column 14) and severe liver disease 

(column 15). These are all severe conditions that are likely to impair health to a large degree and impact quality 

of life considerably. Our result for the cancer diagnosis corresponds with Viscusi’s (2019) finding of a negative 

state dependence for a non-marginal change in the risk of cancer. For other conditions, the results are less 

clear. Out of the four comorbidities with positive health state dependence, chronic obstructive pulmonary 

disease (COPD, column 6) and diabetes without complications (column 10) show significant positive health 

state dependence at the 10% level. Both are chronic conditions with a health trajectory prior to the point of 

diagnosis. If a diagnosis results in relief – either from receiving adequate treatment or simply from knowing 

the cause of symptoms – then the ‘true’ health shock lies before the point of diagnosis. If this is the case, then 

these health measures might capture a rebound effect from an increase in the individual’s opportunity to enjoy 

utility from non-medical consumption6. In support of this explanation, Redekop et al. (2002) found that patients 

with mild diabetes reported quality of life scores similar to those of the general public of the same age 

indicating that, mild diabetes does not entail a reduction in health post-diagnosis. 

Table 4 lists the results for our alternative health shock measures. Importantly, we also investigate health state 

dependence resulting from detriments to mental health. As indicators, we use binary measures of prescriptions 

for anti-anxiety medication and anti-depressants (columns 1 and 2, respectively). We find strong evidence of 

negative state dependence for both measures. This indicates that mental health, and not just physical health, 

affects utility from consumption. Although insignificant, the same pattern in health state dependence is 

observed when we measure mental health using the ICD-10 codes (following Elixhauser et al. (1998)) for 

classifying depression disorders (column 4). Finally, to check robustness, we include the results of applying 

the Elixhauser van-Walraven Comorbidity Index. Whereas the Charlson Comorbidity Index is undoubtedly 

the most widely applied index, the Elixhauser van-Walraven Comorbidity Index has sometimes been found to 

be superior in predicting health (Chang, Chen, Yang, Su, & Lee, 2016). Reassuringly, applying the Elixhauser 

 
6 Unfortunately, we are unable to verify this with the available data as this would require timely survey data before and 
after diagnosis. 
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van-Walraven Comorbidity Index (column 3) confirms our previous findings of negative state dependence. 

The magnitude is lower than our main results (12.63% decrease for a one-standard deviation increase in the 

index). This is expected and can be explained by differences in the composite scoring systems7.  

 

 
7 The Elixhauser van-Walraven Comorbidity Index includes more comorbidity categories and a wider range of levels. 
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Table 3: By individual Charlson comorbidities – Part 1 

 Dependent variable: Subjective well-being 
 MI 

(1) 
CHF 
(2) 

PVD 
(3) 

Stroke 
(4) 

Dementia 
(5) 

COPD 
(6) 

Rheumatic 
(7) 

PUD 
(8) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.1309*** 
(0.0247) 

-0.2027*** 

(0.0319) 
-0.2322*** 
(0.032) 

-0.2499*** 
(0.0191) 

-0.0834 
(0.0656) 

-0.2869*** 
(0.0213) 

-0.3733*** 

(0.0331) 
0.0687* 

(0.036) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.3212*** 

(0.012) 
0.3242*** 

(0.012) 
0.3198*** 
(0.012) 

0.3251*** 
(0.0119) 

0.3237*** 

(0.012) 
0.3144*** 
(0.0119) 

0.328*** 

(0.0119) 
0.3221*** 

(0.012) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ
× log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 

-0.0261 
(0.0697) 

-0.1629** 

(0.082) 
-0.028 
(0.0855) 

-0.158** 

(0.0505) 
-0.3195* 

(0.1756) 
0.1067* 

(0.058) 
-0.3979*** 

(0.0907) 
0.0373 
(0.0921) 

         

 State dependence 
1 unit increase in 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ 

-0.0813 
(0.2231) 

-0.5025** 
(0.2553) 

-0.0876 
(0.2777) 

-0.486*** 
(0.1521) 

-0.987* 
(0.5694) 

0.3394* 
(0.1744) 

-1.2131*** 
(0.2746) 

0.1158 
(0.2797) 

1 𝜎𝜎 increase in 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ 

-0.0079 
(0.0216) 

-0.0442** 
(0.0225) 

-0.0081 
(0.0256) 

-0.0635*** 
(0.0199) 

-0.0548* 
(0.0316) 

0.0399* 
(0.0205) 

-0.0828*** 
(0.0187) 

0.0082 
(0.0198) 

Observations 155,844 155,844 155,844 155,844 155,844 155,844 155,844 155,844 
Demographic 
controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses  
MI: Acute myocardial infarction; CHF: Congestive heart failure; PVD: Peripheral vascular disease; Stroke: Cerebrovascular disease; COPD: Chronic obstructive pulmonary disease; Rheumatic: Rheumatic 
disease; PUD: Peptic ulcer disease 
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Table 3: By individual Charlson comorbidities – Part 2 

 Dependent variable: Subjective well-being 
 Mild liver 

(9) 
Diabetes 
(10) 

Diabetes WC 
(11) 

Paralysis 
(12) 

 Renal 
(13) 

 Cancer 
(14) 

 Severe liver 
(15) 

 METS 
(16) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.121** 
(0.0531) 

-0.1208*** 
(0.0249) 

-0.5883*** 
(0.0456) 

-0.656*** 
(0.1168) 

-1.1328*** 
(0.0558) 

-0.4278*** 
(0.0187) 

-0.9345*** 
(0.0958) 

-0.8339*** 
(0.0475) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.3212*** 
(0.012) 

0.3162*** 
(0.0119) 

0.3241*** 
(0.0119) 

0.3229*** 
(0.012) 

0.321*** 
(0.0118) 

0.3351*** 
(0.0119) 

0.3228*** 
(0.012) 

0.3229*** 
(0.0119) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ
× log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 

0.1227 
(0.1475) 

0.1078 
(0.0666) 

-0.686*** 
(0.1198) 

-0.1944 
(0.3086) 

-0.1167 
(0.1473) 

-0.2346*** 
(0.0506) 

-0.9454** 
(0.2958) 

-0.2603* 
(0.1424) 

  
 

      

 State dependence 

1 unit increase in 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ 

0.382 
(0.4262) 

0.3409* 
(0.2001) 

-2.1166*** 
(0.4792) 

-0.602 
(0.9795) 

-0.3636 
(0.4408) 

-0.7001*** 
(0.1585) 

-2.9287*** 
(1.0821) 

-0.8061* 
(0.4396) 

1 𝜎𝜎 increase in 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ 

0.0176 
(0.0196) 

0.0375* 
(0.022) 

-0.1266*** 
(0.0287) 

-0.0142 
(0.0232) 

-0.0197 
(0.0239) 

-0.0959*** 
(0.0217) 

-0.0744*** 
(0.0275) 

-0.0419* 
(0.0228) 

Observations 155,844 155,844 155,844 155,844 155,844 155,844 155,844 155,844 
Demographic 
controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 
Mild liver: Mild liver disease; Diabetes: Diabetes without complications; Diabetes WC: Diabetes with complications; Paralysis: Hemiplegia/paraplegia; Renal: Renal disease; Cancer: Malignant tumours; 
Severe liver: Moderate/severe liver disease; Solid, METS: Metastatic solid tumour 
HIV is not reported due to the low number of identified cases 
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Table 4: Additional disease specific measures and alternative comorbidity index  

 Dependent variable: Subjective well-being 
 

Anti-anxiety  
(1) 

Anti-depressants  
(2) 

Elixhauser 
van-Walraven 
(3) 

Depression from 
Elixhauser 
(4) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.2656*** 

(0.0137) 
-0.6933*** 

(0.0143) 
-0.0421*** 

(0.0016) 
-0.0752 
(0.0502) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.3202*** 

(0.0118) 
0.3035*** 

(0.0114) 
0.3416*** 

(0.0117) 
0.3231*** 

(0.012) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.0768** 

(0.0362) 
-0.0702* 

(0.0406) 
-0.0232*** 

(0.0042) 
-0.1817 
(0.1317) 

     

 State dependence 
1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.2399** 

(0.1106) 
-0.2313* 

(0.1328) 
-0.0679*** 

(0.012) 
-0.5624 
(0.4122) 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.0144** 

(0.0066) 
-0.0231* 

(0.0133) 
-0.1263*** 

(0.0223) 
-0.0281 
(0.0206) 

Observations 155,844 155,844 155,844 155,844 

Health measure Anti-anxiety Anti-depressants  Elixhauser  
van-Walraven 

Depression  
from Elixhauser 

Demographic controls ✓ ✓ ✓ ✓ 

Fixed effects ✓ ✓ ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 

 

4.2. The impact of initial health on health state dependence 

To investigate the impact of initial health state on the shape of the utility function, we divide the sample into 

two groups: individuals with and without comorbidities, according to the Charlson Comorbidity Index, in their 

initial year of appearance in the panel. From Table 5, we can see that the state dependence for individuals with 

a score over 0 (with comorbidities) is statistically insignificant and numerically smaller than that for those with 

an initial score of 0 (without comorbidities), who have an estimated state dependence of -0.156. This result 

suggests that the effect of health on the marginal utility of income is primarily driven by healthier individuals 

exposed to an initial health shock and that the effect decreases as health deteriorates. Our results thus seem to 

support the finding by Kerkhofs and Lindeboom (1997) that an initial adverse health event is more unforeseen 

and imposes a larger change on an individual’s life circumstances than subsequent detriments to health. 
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Table 5: By initial health state 

 Dependent variable: Subjective well-being 
 No comorbidities 

(1) 
 Comorbidities 
(2) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.2104*** 

(0.0058) 
-0.1665*** 

(0.0089) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.4240*** 

(0.012) 
0.2828*** 

(0.0371) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.132*** 

(0.0161) 
-0.029 
(0.023) 

 
 

 

 State dependence 
1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.3113*** 

(0.071) 
-0.1025 
(0.078) 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.156*** 

(0.036) 
-0.0909 
(0.0692) 

Observations 135,974 19,870 

Health measure Charlson 
(Equal to zero in initial year) 

Charlson > 0 
(Above zero in initial year) 

Demographic controls ✓ ✓ 

Fixed effects ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 

 

4.3. Subgroup analysis 

The results of the subgroup analyses are presented in Table 6 (gender) and Table 7 (education). For both 

genders, we find that the state dependence remains negative and significant; the largest magnitude is seen for 

males. This stays in contrast to Finkelstein et al. (2013) who find that the negative effect is entirely driven by 

the female share of the population. Previous studies have found strong evidence of gender differences in health 

status reporting; men tend to be more biased in their self-reporting than women (Dowd & Todd, 2011). This 

difference in self-reporting combined with differences in gender balance across studies could explain why our 

results differ from Finkelstein et al. (2013). In model III we rely on administrative data and thus our results are 

not subject to gender differences in self-reporting. Moreover, the SHARE sample contains relatively more men 
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than the sample in Finkelstein which could explain the difference between our results in Model I (using self-

reported measure of health) and Finkelstein’s.  

Table 7 divides the sample according to level of education. Our results show that individuals with a primary 

and secondary education have comparable estimates of health state dependence (-0.1324 and -0.1234 

respectively); more educated individuals have substantially lower health state dependence (-0.7142). Our 

results thus indicate that, all else equal, individuals with higher levels of education experience a much greater 

decline in marginal utility of consumption than less-educated individuals when they experience an adverse 

health incident. It is widely accepted that education positively impacts health through increased efficiency of 

investment in health (Grossman & Kaestner, 1997). Furthermore, if life expectations and materialistic 

preferences vary across socio-economic strata (Mirowsky & Ross, 2000) the impact of otherwise identical 

health shocks on marginal utility of consumption might differ. If these differences across socioeconomic strata 

also leads to systematic differences in SWB, then this would lead to a non-proportional change in the income–

SWB gradient across socio-demographic groups and threaten our identifying assumption. This would cause 

our main estimate to be biased but, importantly, the sign would remain correct. 

As some health conditions are more prevalent among people in different socio-economic strata (van den Akker, 

Buntinx, Metsemakers, Roos, & Knottnerus, 1998; Winkleby, Fortmann, & Barrett, 1990), and as health status 

correlates positively with education, it is likely that the type of health shock and initial health status can explain 

at least part of the difference in health state dependence based on education. 
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Table 6: By gender 

 Dependent variable: Subjective well-being 
 Females 

(1) 
Males 
(2) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.1755*** 

(0.0068) 
-0.2092*** 

(0.0068) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.3658*** 

(0.0156) 
0.3324*** 

(0.0144) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.0779*** 

(0.0191) 
-0.101*** 

(0.0181) 

 
 

 

 State dependence 
1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.213*** 

(0.0482) 
-0.3039*** 

(0.0688) 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.1151*** 

(0.0261) 
-0.1796*** 

(0.0407) 

Observations 81,059 74,785 

Health measure Charlson Charlson 

Demographic controls ✓ ✓ 

Fixed effects ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 
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Table 7: By level of education 

 Dependent variable: Subjective well-being 
 Primary education 

(1) 
Secondary education 
(2) 

Higher education 
(3) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.1864*** 

(0.0093) 
-0.1933*** 

(0.0071) 
-0.1933*** 

(0.0124) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.363*** 

(0.0226) 
0.3893*** 

(0.0166) 
0.068*** 

(0.0227) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.0759*** 

(0.0244) 
-0.0885*** 

(0.0205) 
-0.099*** 

(0.0345) 

  
  

 State dependence 
1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.2091*** 

(0.0646) 
-0.2273*** 

(0.0515) 
-1.4559*** 

(0.5244) 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.1324*** 

(0.0409) 
-0.1234*** 

(0.0279) 
-0.7142*** 

(0.2572) 

Observations 50,211 69,702 32,868 

Health measure Charlson Charlson Charlson 

Demographic controls ✓ ✓ ✓ 

Fixed effects ✓ ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 

 

4.4. Robustness checks 

Changing the risk aversion parameter 

Following Finkelstein et al. (2013), we assume a constant relative risk aversion utility function and applied a 

risk adjustment factor (𝛾𝛾 in Equation (1)) of one. As the state dependence will be sensitive to the functional 

form, we analyse the impact of the choice of 𝛾𝛾 on our estimates. If 𝛾𝛾 > 1, the marginal utility will decrease 

more than proportionally with wealth8. This will lead to a smaller drop in utility for the rich than for the poor, 

biasing the marginal utility for the sick upwards and resulting in a positive bias on our estimated state 

dependence. The reverse would be the case if 𝛾𝛾 > 1. Table 8 lists the results of the re-estimated Model III for 

 
8 This effect is conditional on the assumption that the second-period wealth of sick participants decreases proportionally 
to the second-period wealth of healthy participants. 
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different values of 𝛾𝛾 that, according to the literature, reflect higher and lower levels of risk aversion (Harrison 

et al. (2007); Layard et al. (2008)). Reassuringly, the new estimates are very similar to our main findings and 

only decrease (increase) slightly with higher (lower) levels of 𝛾𝛾. Even when 𝛾𝛾 is set to zero (assuming 

individuals are neutral toward risk), we obtain an estimate of the state dependence which is comparable (within 

the 5% CI range) to our main results.  

 
Table 8: Different risk adjustment factors 

 Dependent variable: Subjective well-being 
 𝛾𝛾 = 1.26 

(1) 
𝛾𝛾 = 0.9 

(2) 
𝛾𝛾 = 0 

(3) 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.1937*** 

(0.0048) 
-0.1942*** 

(0.0048) 
-0.1946*** 

(0.0049) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 1.4478*** 

(0.0485) 
0.1884*** 

(0.0065) 
0.001*** 

(0) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.3501*** 

(0.0546) 
-0.0501*** 

(0.0077) 
-0.0003*** 

(0.0001) 

  
 

 
 State dependence 
1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.2418*** 

(0.0547) 
-0.2659*** 

(0.0602) 
-0.3*** 

(0.0679) 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.1366*** 

(0.0309) 
-0.1503*** 

(0.034) 
-0.1695*** 

(0.0384) 

Observations 155,844 155,844 155,844 

Health measure Charlson Charlson Charlson 

Demographic controls ✓ ✓ ✓ 

Fixed effects ✓ ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 

 

Threats to identification 

One key requirement of our model is that wealth is predetermined for an individual in the second period; that 

is, health cannot affect income. In Denmark, the healthcare system is universal and publicly funded through 
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taxes and is largely free at the point of use9. Since all hospital and general practice services are covered, 

healthcare expenses will not directly affect second-period wealth10. However, health could have a first-order 

effect on wealth if it reduces income through adverse labour market prospects, thereby affecting second-period 

wealth. This would result in a non-proportional, absolute decrease in second-period wealth due to illness. 

Consequently, our estimated state dependence will be positively biased because utility will decrease with 

income. To eliminate any effect of health on second-period wealth, we restrict the sample to retired individuals, 

who, regardless of their health status, do not participate in the labour force. The results are shown in Table 9 

and shows that state dependence differs according to labour market attachment and is more negative for retirees 

than for individuals of working age. The point estimate for retirees is more negative and just barely within the 

5% CI of our main result in Table 2. This indicates that our main results of state dependence are likely 

underestimated due to the increase in marginal utility from income through reduced earnings. 

  

 
9 Individuals make co-payments on pharmaceuticals and on some primary healthcare services, including physiotherapy 
and chiropractic services (The Ministry of Health, 2017). 
10 It could be argued that expenditures for pharmaceuticals should be taken into consideration because, despite the co-
payment ceiling, these costs could be substantial for some patient groups. We have therefore re-estimated Model IIIb 
including medical expenses. This does not affect our findings; these results are available from the authors upon request. 
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Table 9: By labour market attachment 

 Dependent variable: Subjective well-being 
 Retiree 

(1) 
In the labour force 
(2) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.2077*** 

(0.007) 
-0.1881*** 

(0.009) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.3481*** 

(0.017) 
0.3241*** 

(0.0149) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.1107*** 

(0.019) 
-0.109*** 

(0.025) 

   

 State dependence 
1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.318*** 

(0.072) 
-0.3363*** 

(0.0761) 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.2064*** 

(0.0467) 
-0.1266*** 

(0.0287) 

Observations 75,565 80,279 
Health measure Charlson Charlson 
Demographic controls ✓ ✓ 
Fixed effects ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 

 

It may also be argued that health can indirectly affect second-period wealth if an adverse health event reduces 

the individual’s (perceived) remaining life expectancy and thereby imposes changes on their consumption 

patterns. If so, the individual’s effective wealth will increase, which is likely to result in increased per-period 

consumption and therefore higher reported SWB. Moreover, an individual’s marginal utility of income is 

expected to decrease as the individual approaches death. All in all, this would lead to a negative bias in 

estimated state dependence and therefore an overestimate of the negative effect we see in our main results. To 

test the robustness of our findings, we therefore re-estimated our model excluding individuals who died during 

the project period. The results of this calculation are shown in Table 10. Notably, this does not alter our main 

findings, suggesting that the incidence of an adverse health event, measured as a one-unit change in the 

Charlson Index, does not change an individual’s consumption path through changes to perceived remaining 
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life expectancy. This is supported by an analysis of the SHARE sample, where we see no significant 

relationship between perceived remaining life expectancy and the occurrence of an adverse health event11. 

Table 10: Model excluding deaths during the study period 

 Dependent variable: 
Subjective well-being 

 Excluding deaths 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.1867*** 

(0.0058) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.3212*** 

(0.0119) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.0853*** 

(0.0164) 

  
 State dependence 
1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.2656*** 

(0.0601) 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.1501*** 

(0.034) 

Observations 141,724 
Health measure Charlson 
Demographic controls ✓ 
Fixed effects ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 
 

 

5. Conclusion 

This study contributes new evidence on several aspects of health state dependence utility using a unique and 

rich combination of individual level survey and register data. Importantly, our results confirm previous 

findings by, for example, Evans and Viscusi (1991), Finkelstein et al. (2013) and Viscusi (2019) that adverse 

health events, in addition to reducing overall utility, have a negative impact on an individual’s marginal utility 

of consumption. Consequently, it could be said that a health shock ‘doubly harms’ an individual’s opportunities 

 
11 These results are available from the authors upon request. 
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to enjoy life fully. The estimate from our main model indicates that an increase of one standard deviation to 

the Charlson Comorbidity Index is associated with a 14.6% (± 6.5%) decline in marginal utility of 

consumption. This result does not seem to be affected by changes to the risk adjustment factor and is robust to 

a range of specification checks and across socio-economic strata. Applying contemporary machine learning 

techniques for imputations, we increased our sample size, thus achieving the statistical power to conduct sub-

group analysis. In contrast to previous studies, we use register data about disease diagnoses to measure health 

shocks. This mitigate potential specification biases such as differences in reporting across socio-economic 

status and gender. We find strong evidence of wide-ranging negative health state dependence when we 

categorized our health shock measure according to disease, including common somatic conditions such as 

heart failure, stroke, arthritis, cancer and severe diabetes, as well as mental conditions. Moreover, we find that 

the occurrence of an initial adverse health event has a larger negative effect on the marginal utility of 

consumption than subsequent deteriorations in health. Whereas we only see minor differences in state 

dependence across gender, we find heterogeneous yet negative effects for level of education, with larger point 

estimates for more educated participants. 

We recognise that we are dealing with a selected group of older adults 50+ and that our findings, although 

controlling for factors such as age, are not necessarily representative for the general population. When we 

examine a subset of individuals that are in the labour force and thus the younger share of the sample, we still 

calculate significant negative state dependence, although the magnitude is smaller. As the assumption of 

predetermined wealth can bias the result, interpretations of the exact size of the effect should be handled with 

caution. Moreover, the SHARE sample comprises Second World War cohorts, who have been found to have 

lower health levels than other cohorts (Kerkhofs & Lindeboom, 1997). According to our analysis of a subset 

based on health status, a cohort effect is likely to work against our baseline result, thus strengthening our 

findings of significant negative state dependence. 

We use SWB as a cardinal measure of true latent utility; this measure is commonly applied in the happiness 

literature. We cannot rule out the possibility that some of the differences in health state dependence we observe 

by socio-economic status could at least to some extent be driven by systematic differences in reporting of 
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SWB. As discussed by Finkelstein et al. (2013), these differences are most likely random and therefore only 

affect the precision of our estimates.  

Our findings have important implications for policy. We find that the ability to enjoy non-healthcare 

consumption decreases when individuals experience an adverse health event. Our results indicate that more 

compensation is needed to restore utility to the prior level than estimated from an ex ante perspective assuming 

state independence. This indicates that ill health causes a larger welfare loss to society than otherwise assumed 

and implies that, for individuals faced with actuarially fair insurance rates, the optimal insurance should be 

less than full coverage. Our findings thus provide an additional economic rationale for allocating more 

resources to health promotion and preventive interventions to improve public health. We find some evidence 

of heterogenous effects across socio-economic status. From a pure efficiency perspective, such differences in 

preferences should lead to different levels of insurance rates. In countries without full universal healthcare 

insurance, this could result in an (unintended) increase in social inequality in health that conflicts with policies 

intended to enhance health equity. Intriguingly, our results very accurately illustrate the trade-off between 

efficiency and equity that policymakers face when setting priorities.  

Finally, we wish to highlight the potential consequences of inaccurately assuming that marginal utility of 

consumption is independent of health. More attention is needed in the empirical literature that relies on the 

assumption, to examine the sensitivity of different levels of health state dependence to the results.  We express 

a modest hope that our study can help guide such change in practice. 
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7. Appendix 

Appendix A: Imputation of Subjective well-being 

We apply the random forest algorithm (Breiman, 2001) for several reason. First, it is capable of uncovering 

highly flexible and nonlinear relations even when the feature space is large. Second, it offers an efficient 

estimate of the test error without the need to perform time-consuming cross-validations due to the out-of-bag 

error estimation. Thirdly, its predictive performance is very close to more advanced supervise learning methods 

while still being easy to train and tune (Caruana & Niculescu-Mizil, 2006). Random forest is an ensemble of 

decisions trees. Each tree is constructed using a bootstrapped sample of the data. Each individual decision tree 

works by partitioning the data into a p-dimensional space based on a sequence of binary splits over the variables 

in 𝑋𝑋. The variable and its cut-off are chosen to maximize the purity of each partition. At each split only a 

random subset, 𝑚𝑚, of the 𝑋𝑋′𝑠𝑠 are considered in an attempt to decorrelate all the individual trees. The prediction 

from the random forest, 𝑓𝑓(𝑋𝑋), is determined by taking the majority vote from all the trees. 

 

Training and evaluation 

We train an algorithm on the SHARE data linking individual observables, 𝑋𝑋, to SWB, 𝑌𝑌. 𝑋𝑋 is a vector of 

variables with information accessible from the administrative registers. Importantly, this implies that we will 

be able to predict SWB for all individuals in the REGLINK-SHAREDK, including the large control sample, 

without having to rely on participation in the SHARE survey. 

Using the REGLINK-SHAREDK we construct a dataset combining SWB from SHARE with information from 

the registers on income, education, family status, hospitalization, drug consumption and GP visits totalising 

over 60 different variables. This dataset is then split into a training set comprised of 70% of the individuals 

and the remainder 30% is left out to be used for assessing the out of sample predictive capabilities of the trained 

algorithm. Table C5 in the online appendix provides brief descriptive information for these variables to 

reassure that the two samples are comparable. We perform a grid search to determine the optimal 𝑚𝑚 based on 

the out-of-bag error. The best model is able to predict SWB with an in-sample accuracy of 0.35 and out-of 

sample accuracy of 0.33. The area under the multiclass Receiver Operating Characteristics curve, known as 



37 
 

AUC, is 0.613. Considering the high signal-to-noise ration of SWB we consider this to be a satisfactory degree 

of accuracy. 

 

 

Appendix B: Data Statement 

The SHARE data collection has been funded by the European Commission through FP5 (QLK6-CT-2001-
00360), FP6 (SHARE-I3: RII-CT-2006-062193, COMPARE: CIT5-CT-2005-028857, SHARELIFE: CIT4-
CT-2006-028812), FP7 (SHARE-PREP: GA N°211909, SHARE-LEAP: GA N°227822, SHARE M4: GA 
N°261982) and Horizon 2020 (SHARE-DEV3: GA N°676536, SERISS: GA N°654221) and by DG 
Employment, Social Affairs & Inclusion. Additional funding from the German Ministry of Education and 
Research, the Max Planck Society for the Advancement of Science, the U.S. National Institute on Aging 
(U01_AG09740-13S2, P01_AG005842, P01_AG08291, P30_AG12815, R21_AG025169, Y1-AG-4553-01, 
IAG_BSR06-11, OGHA_04-064, HHSN271201300071C) and from various national funding sources is 
gratefully acknowledged(see www.share-project.org/). 

 

  

https://cordis.europa.eu/guidance/archive_en.html
http://www.share-project.org/
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Appendix C: Supplementary tables and figures 

Table C1: Overview of previous studies 

Article Sign Magnitude Sample size 

Viscusi and Evans (1990) Negative -7-23% 249 

Evans and Viscusi (1991) Independent 0% 1,371 

Lillard and Weiss (1997) Positive 55% 2,953 

Sloan, Viscusi, Chesson, Conover, 
and Whetten-Goldstein (1998) 

Negative -92% 336 

Edwards (2008) Positive Not quantified 8,172 

De Nardi, French, and Jones (2010) Independent 0% 3,259 

Levy and Nir (2012) Negative Not quantified 312 

Tengstam (2013) Positive 16-92% 354 

Finkelstein et al. (2013) Negative -11% 45,447 

Brown, Goda, and McGarry (2016) Negative -3-53% 1,396 

Koijen et al. (2016) Negative -26% 28,828 

Gyrd-Hansen (2016) Positive Not quantified 2,000 

Jonker, Attema, Donkers, Stolk, and 
Versteegh (2017) 

Negative -30% 788 

Viscusi (2019) Negative -55% 3,430 

Kools and Knoef (2019) Positive 28% 25,827 

Note: The column magnitude shows the percentage change in marginal utility of consumption in the sick state compared to the 
healthy state. 
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Table C2: Results from ‘blow-up and cluster’ 

 Dependent variable: Subjective well-being 

 Model A-I Model A-IIa 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -1.030*** 
(0.031) 

-1.012*** 
(0.031) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 1.572*** 
(0.080) 

1.585*** 
(0.081) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.396*** 
(0.062) 

-0.457*** 
(0.061) 

  
 

 State dependence 

1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.252*** 
(0.038) 

-0.288*** 
(0.037) 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.143*** 
(0.022) 

-0.164*** 
(0.021) 

Observations 155,844 155,844 
Health measure Charlson Charlson 
Demographic controls (✓)a ✓ 
Fixed effects ✓ ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses 
a: Due to convergence problems the polynomial in age, household size and health of the partner are excluded 
in Model A-I. Model A-II provides the results using the full set of controls after 100 iterations and no 
convergence. 
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Table C3: Holdout results 

 Dependent variable: 
Subjective well-being 

 Model A-III 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ,𝛽𝛽2 -0.1158** 

(0.0383) 

log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽3 0.2967*** 

(0.0602) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ × log(𝑌𝑌�𝜕𝜕) ,𝛽𝛽1 -0.053 
(0.0988) 

 
 

 State dependence 

1 unit increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.1786 
(0.2991) 
[-0.765;0.408] 

1 𝜎𝜎 increase in 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑡𝑡ℎ -0.0768 
(0.1286) 
[-0.329;0.175] 

Observations 2,832 

Health measure Charlson 
(register-based) 

Sample SHARE (DK) 
Demographic controls ✓ 
Fixed effects ✓ 
Notes: *p<0.1; **p<0.05; ***p<0.01 
Standard errors in parentheses; 5% confidence intervals in brackets. 
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Table C4: Number of observations and individuals with each Charlson comorbidity 

Comorbidity Variable/model 
name Observations Unique 

individuals 

Charlson score > 0 Charlson 53579 7190 

Acute Myocardial 
Infarction 

MI 3232 898 

Congestive heart failure 
(CHF)  

CHF 2900 820 

Peripheral Vascular 
Disease 

PVD 3027 848 

Cerebrovascular disease 
(stroke) 

Stroke 5945 1667 

Dementia Dementia 945 351 

Chronic Obstructive 
Pulmonary Disease 
(COPD) 

COPD 5469 1479 

Rheumatic disease Rheumatic 1834 470 

Peptic ulcer PUD 1512 472 

Mild liver disease Mild liver 736 227 

Diabetes Diabetes 4737 1255 

Diabetes with 
complications 

Diabetes WC 1381 375 

Hemiplegia/paraplegia Paralysis 250 67 

Renal disease Renal 1063 328 

Malignant tumours 
(cancer) 

Cancer 6188 1937 

Moderate/Severe Liver 
Disease 

Severe liver 232 84 

Solid, metastatic tumour Mets 763 324 

HIV HIV 34 9 
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Table C5: Descriptive statistics - Test and train sample  

 Variable Sample Mean SD Min Median Max 

SWB Test 8.58 1.38 0 9 10 
Train 8.61 1.39 0 9 10 

Income (000s) Test 277.7 109.06 59.29 266.23 788.13 
Train 274.19 106.42 62.75 257.9 777.45 

Female Test 0.55 0.50 0 1 1 
Train 0.55 0.50 0 1 1 

Age Test 62.81 9.87 39 61 94 
Train 63.09 10.11 30 62 99 

Primary and preparatory education Test 0.28 0.45 0 0 1 
Train 0.27 0.44 0 0 1 

Upper secondary level Test 0.44 0.50 0 0 1 
Train 0.46 0.50 0 0 1 

Medium long education Test 0.19 0.39 0 0 1 
Train 0.20 0.40 0 0 1 

Long higher education Test 0.07 0.26 0 0 1 
Train 0.06 0.24 0 0 1 

Missing Test 0.02 0.14 0 0 1 
Train 0.01 0.10 0 0 1 

Married Test 0.73 0.44 0 1 1 
Train 0.72 0.45 0 1 1 

Divorced Test 0.10 0.30 0 0 1 
Train 0.10 0.30 0 0 1 

Widow Test 0.10 0.30 0 0 1 
Train 0.11 0.31 0 0 1 

Single Test 0.07 0.26 0 0 1 
Train 0.07 0.26 0 0 1 

Retired Test 0.50 0.50 0 1 1 
Train 0.52 0.50 0 1 1 

Employed Test 0.46 0.50 0 0 1 
Train 0.46 0.50 0 0 1 

Unemployed Test 0.03 0.17 0 0 1 
Train 0.03 0.17 0 0 1 

Outpatient cost (000s) Test 3.15 9.85 0 0.38 229 
Train 3.32 11.41 0 0.38 562 

Inbatient cost (000s) Test 8.95 51.2 0 0 1320.41 
Train 8.4 47.69 0 0 2260.62 

GP fee Test 32.83 184.19 0 0 5140 
Train 26.77 124.82 0 0 1869 

Prescription anti depressants Test 0.11 0.31 0 0 1 
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 Variable Sample Mean SD Min Median Max 
Train 0.1 0.3 0 0 1 

Prescription anti anxieties Test 0.06 0.24 0 0 1 
Train 0.05 0.21 0 0 1 

Charlson score Test 0.31 0.8 0 0 7 
Train 0.31 0.81 0 0 9 

Elixhauaer-van Walraven Test 0.82 2.65 -8 0 23 
Train 0.85 2.69 -7 0 24 

MI Test 0.02 0.12 0 0 1 
Train 0.02 0.14 0 0 1 

CHF Test 0.01 0.12 0 0 1 
Train 0.02 0.12 0 0 1 

PVD Test 0.02 0.13 0 0 1 
Train 0.02 0.14 0 0 1 

Stroke Test 0.04 0.2 0 0 1 
Train 0.04 0.19 0 0 1 

Dementia Test 0 0.05 0 0 1 
Train 0 0.05 0 0 1 

COPD Test 0.04 0.19 0 0 1 
Train 0.03 0.17 0 0 1 

Rheumatic Test 0.01 0.1 0 0 1 
Train 0.01 0.1 0 0 1 

PUD Test 0.01 0.1 0 0 1 
Train 0.01 0.1 0 0 1 

Mild liver Test 0.01 0.07 0 0 1 
Train 0 0.06 0 0 1 

Diabetes Test 0.03 0.17 0 0 1 
Train 0.03 0.16 0 0 1 

Diabetes WC Test 0.01 0.09 0 0 1 
Train 0.01 0.09 0 0 1 

Paralysis Test 0 0.02 0 0 1 
Train 0 0.05 0 0 1 

Renal Test 0 0.07 0 0 1 
Train 0.01 0.07 0 0 1 

Cancer Test 0.04 0.19 0 0 1 
Train 0.04 0.2 0 0 1 

Severe liver Test 0 0.02 0 0 1 
Train 0 0.04 0 0 1 

METS Test 0 0.06 0 0 1 
Train 0 0.06 0 0 1 

CHF - Elixhauser Test 0.01 0.12 0 0 1 
Train 0.02 0.12 0 0 1 
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 Variable Sample Mean SD Min Median Max 

Arrhythmia - Elixhauser Test 0.05 0.22 0 0 1 
Train 0.05 0.22 0 0 1 

Valvular - Elixhauser Test 0.01 0.1 0 0 1 
Train 0.01 0.11 0 0 1 

PHTN - Elixhauser Test 0 0.06 0 0 1 
Train 0 0.06 0 0 1 

PVD - Elixhauser Test 0.02 0.13 0 0 1 
Train 0.02 0.14 0 0 1 

HTN - Elixhauser Test 0.11 0.32 0 0 1 
Train 0.1 0.3 0 0 1 

Paralysis - Elixhauser Test 0 0.02 0 0 1 
Train 0 0.05 0 0 1 

NeuroOther - Elixhauser Test 0.01 0.09 0 0 1 
Train 0.01 0.11 0 0 1 

Pulmonary - Elixhauser Test 0.04 0.19 0 0 1 
Train 0.03 0.17 0 0 1 

DM - Elixhauser Test 0.03 0.16 0 0 1 
Train 0.02 0.15 0 0 1 

DMcx - Elixhauser Test 0.01 0.11 0 0 1 
Train 0.01 0.11 0 0 1 

Hypothyroid - Elixhauser Test 0.01 0.11 0 0 1 
Train 0.01 0.08 0 0 1 

Renal - Elixhauser Test 0 0.07 0 0 1 
Train 0.01 0.07 0 0 1 

Liver - Elixhauser Test 0.01 0.07 0 0 1 
Train 0.01 0.07 0 0 1 

PUD - Elixhauser Test 0.01 0.07 0 0 1 
Train 0 0.06 0 0 1 

Lymphoma - Elixhauser Test 0 0.05 0 0 1 
Train 0 0.04 0 0 1 

Mets - Elixhauser Test 0 0.06 0 0 1 
Train 0 0.06 0 0 1 

Tumor - Elixhauser Test 0.04 0.19 0 0 1 
Train 0.04 0.19 0 0 1 

Rheumatic - Elixhauser Test 0.01 0.1 0 0 1 
Train 0.01 0.12 0 0 1 

Coagulopathy - Elixhauser Test 0 0.05 0 0 1 
Train 0 0.06 0 0 1 

Obesity - Elixhauser Test 0.02 0.13 0 0 1 
Train 0.02 0.13 0 0 1 

WeightLoss - Elixhauser Test 0 0.07 0 0 1 
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 Variable Sample Mean SD Min Median Max 
Train 0 0.04 0 0 1 

FluidsLytes - Elixhauser Test 0.01 0.11 0 0 1 
Train 0.01 0.1 0 0 1 

BloodLoss - Elixhauser Test 0 0.06 0 0 1 
Train 0 0.03 0 0 1 

Anemia - Elixhauser Test 0.01 0.08 0 0 1 
Train 0 0.06 0 0 1 

Alcohol - Elixhauser Test 0.01 0.11 0 0 1 
Train 0.01 0.09 0 0 1 

Drugs - Elixhauser Test 0 0.02 0 0 1 
Train 0 0 0 0 0 

Psychoses - Elixhauser Test 0 0.03 0 0 1 
Train 0 0.02 0 0 1 

Depression - Elixhauser Test 0.01 0.09 0 0 1 
Train 0.01 0.08 0 0 1 
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Figure C1: Household income reported in SHARE plotted against household income from the registers 
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