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Abstract

Economic theory stresses the importance of adverse selection in competitive insur-
ance markets. The empirical evidence for adverse selection in different health-related
insurance markets, however, is mixed. This study evaluates whether different degrees
of private information in different insurance markets can explain the conflicting evi-
dence. The analysis uses data from the English Longitudinal Study of Ageing, one of
the rare longitudinal data sets with objectively measured health information. Using
self-rated health as a proxy for private information this study finds that extensive in-
formation collection by the insurer can eliminate private information on health risks
and thus the scope for adverse selection in life and health insurance.
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1 Introduction

Since the seminal papers by Rothschild and Stiglitz (1976) and Wilson (1977) information

asymmetries about risk types in competitive insurance markets are known to induce inef-

ficient outcomes due to adverse selection. In particular, the standard textbook model by

Rothschild and Stiglitz (1976) and its extensions robustly predict that higher risk individu-

als buy more insurance coverage than lower risk individuals (Chiappori et al. (2006)). The

empirical evidence on this matter, however, varies for different insurance markets (Cohen

and Siegelman (2010)).

Multiple dimensions of asymmetric information, for example private information on risk

preferences in addition to private information on risk type, have been stated as a reason

for the mixed evidence (De Meza and Webb (2001), Cutler et al. (2008)). The absence of

useful private information and thus the absence of scope for adverse selection in some but

not in other insurance markets could provide a different explanation for the mixed findings

(Cohen and Siegelman (2010)). In this paper, I evaluate empirically whether different

degrees of private information exist in different insurance markets.

The focus of this paper lies in private information in the markets for health insurance,

life insurance and annuities. The evidence of adverse selection varies between these mar-

kets. While life insurance markets are not found to be adversely selected, annuities markets

show signs of adverse selection even though the insured risk in both markets is related to

the timing of death. Similarly, different health insurance markets show different results for

adverse selection. Differences in private information could explain these findings because

insurance companies in the different markets collect and use different types of information

for insurance underwriting, i.e. for risk classification and calculation of premia.1

The analysis is conducted using data from the English Longitudinal Study of Ageing

(ELSA). The ELSA data set contains a broad range of health measures that are typically

1Possible explanations for use of different information for underwriting in markets that insure similar
risks could be legal restrictions, political economy concerns (Finkelstein and Poterba (2006)), specificities
of the market structure as put forward by Kesternich and Schumacher (2009), or different demand for
underwriting in the different markets (Browne and Kamiya (2009)).
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collected by insurance companies. In addition to self-reported pre-existing health condi-

tions, ELSA is one of the few longitudinal data sets that provides health data which are

objectively measured and reported by a nurse: Results of a blood sample analysis, blood

pressure measurement, objectively measured body mass index (BMI), and waist-hip-ratio

are available.

Self-rated general health (SRH) on a 5-point scale from very bad to very good serves

as a proxy for private information on health risks. It was chosen for two reasons: First, a

large number of studies have shown that SRH contains information on actual health and

future health events like death.2 Second, SRH is a non-verifiable measure in the sense

that insurance companies have no means to verify whether an individual’s statement of

SRH is true. This is in contrast to other self-reported measures like an individual’s co-

morbidities or family health history which can be verified by going back to health records.

Its non-verifiability makes SRH particularly valuable for analyzing the existence of private

information. Information about health risks that is only contained in SRH necessarily

remains private. In this study it is therefore interpreted as evidence for the existence of

private information and thus scope for adverse selection when SRH contains information

about subsequent health events that is additional to the information in verifiable measures.

As I am interested in private information in the markets for life insurance, annuities

and health insurance, I analyze the information in SRH for whether an individual dies in

the next years and for whether an individual is newly diagnosed or has a recurrence of a

major health condition. The results indicate that SRH contains information on dying or

surviving the next 10 years and on being diagnosed with a costly major health condition

in the next 8 years, when only a limited number of additional control variables is included

in the analysis. With the inclusion of medical information and in particular with the

inclusion of objectively measured health data, however, neither dying or surviving nor

being diagnosed with a major condition in the future is significantly predicted by SRH.

These results in combination with different use of information for underwriting in differ-

2For overviews on studies analyzing the relationship between SRH and subsequent death see Idler and
Benyamini (1997), Benyamini and Idler (1999) and DeSalvo et al. (2006).
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ent insurance markets could explain the mixed evidence of adverse selection in life insurance

and annuities markets, and in different health insurance markets. While in life insurance

markets stringent underwriting is performed and no evidence is found for adverse selec-

tion, in annuities markets only limited information is used for underwriting and evidence

for adverse selection is found. Similarly, no individual underwriting is performed in group

health insurance markets and the markets show evidence for adverse selection, while in

individual health insurance stringent underwriting is performed and no adverse selection

is found.

The remainder of the paper is structured as follows. Section 2 gives an overview on

the empirical evidence for private information in health-related insurance markets, Section

3 introduces the data used for the analysis. Section 4 outlines the estimation strategy,

results are shown in Section 5, Section 6 reports the results of robustness analyses, and the

last section concludes.

2 Literature on health-related private information

Cohen and Siegelman (2010) provide an up-to-date overview on empirical studies of adverse

selection in different insurance markets. The health-related insurance markets featured in

their summary are the markets for life insurance, annuities, health insurance and long-term

care.

While in markets for annuities evidence for adverse selection is found (Finkelstein and

Poterba (2002), (2004), (2006) and McCarthy and Mitchell (2010)), there is only very

little evidence for adverse selection in life insurance markets. He (2009) finds evidence

that individuals who newly buy life insurance die earlier than individuals who do not buy

life insurance when controlling for some variables that insurance companies use for risk

classification and calculation of premia. This study, however, might not sufficiently control

for risk classification undertaken by the insurers as objectively measured health data is

not available. Furthermore, Cawley and Philipson (1999), Hendel and Lizzeri (2003) and

McCarthy and Mitchell (2010) find no evidence for adverse selection into life insurance.
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Hendel and Lizzeri (2003) point out that the different findings in life insurance and annuities

markets might be due to differences in underwriting in the two markets.

The evidence for adverse selection in markets for health insurance is mixed. Especially

the US employer-sponsored health insurance market is found to suffer from adverse selection

as the studies summarized by Cutler and Zeckhauser (2000) show. A more recent study

that finds evidence for adverse selection in employer-sponsored health insurance is Cutler

et al. (2009). The authors study individuals’ choices between different health plans offered

by their employer and find that individuals who switch to more generous plans are older

and can expect higher health-care costs in the future.

Other health insurance markets, however, are often not found to suffer from adverse

selection. Buchmueller et al. (2004) show that sicker individuals are not more likely to

buy private supplementary health insurance in France, Propper (1989) and Doiron et al.

(2008) find similar results for the British and Australian private health insurance markets,

respectively. Furthermore, the US market for Medigap coverage is not found to be affected

by adverse selection (Fang et al. (2008)).

Like in the case of life insurance and annuities, the use of different information for

underwriting could provide a possible explanation for different degrees of adverse selection

in different health insurance markets. While there is typically no underwriting in employer-

sponsored insurance, buying health insurance on an individual level requires the applicant

to disclose certain type of relevant information to the insurance company that is used

for risk classification and calculation of premia (see for example Mossialos and Thomson

(2009)).

The stringency of the underwriting process is not the reason for the absence of adverse

selection in the US market for long-term care. Finkelstein and McGarry (2006) show that

individuals hold private information about their risk of needing long-term care even when

considering the insurer’s risk classification. Nevertheless, the market of long term care

does not show a positive correlation between risk and insurance status. The authors argue

that heterogeneity in risk preferences could result in advantageous selection that outweighs
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adverse selection. Individuals who are risk-averse are more likely to buy insurance. They

are also typically of lower risk because they engage in risk lowering activities. Taken

together this results in a negative correlation between risk type and insurance status.

With an increasing availability of genetic information on disease risks, however, the degree

of private information about future need of long term care is likely to increase. As Oster

et al. (forthcoming) show using information on current tests for Huntington disease this

might result in adverse selection in long-term care markets in the future.

Private information in markets related to health risks is analyzed by Banks et al. (2007).

Similar to my analysis, the authors use SRH as a proxy for private knowledge and analyze

the onset of different future health events in a Canadian data set. The authors find that

having a major disease (cancer, stroke, and/or heart disease) ten years after the baseline

interview is significantly related to SRH for women but not for men when controlling for

pre-existing conditions, socio-economic variables and some risk factors (smoking behavior

and BMI). Having a medium condition (diabetes and/or hypertension) ten years later is

significantly related to SRH for both genders but more strongly so for men. As objective

health data is not included in the data set, the authors cannot fully investigate the effects

of medical underwriting on the degree of private knowledge.

My analysis expands on the literature in two ways. First, it sheds light on the question

whether different degrees of private information in different insurance markets can explain

the mixed empirical findings on adverse selection in these markets. Second, the availability

of a rich data set that includes objectively measured health information allows me to

analyze the difference that medical underwriting makes for the scope for adverse selection.

3 Data

The English Longitudinal Study of Ageing (ELSA) is a rich panel data set which contains

socio-demographic, economic and health-related data for individuals that were born on or

before February 29th, 1952 and were living in private homes in England at the time of

the interview. In addition to those core sample members, younger partners living in the
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same household are interviewed as part of ELSA. The sample was randomly selected from

the English population in three repeated cross sections for the Health Survey for England

(HSE) in the years 1998, 1999 and 2001. In addition to the data from the eligible ELSA

subsample of the three HSE years, called ELSA wave 0, data from three ELSA waves

collected in 2002, 2004 and 2006 is used.3

While ELSA was highly influenced by and modelled on the US Health and Retirement

Study (HRS), the design of ELSA differs from that of the HRS in one important feature:

In addition to the biannual interview, every four years a nurse visit is conducted as part

of ELSA. Due to this nurse visit objectively measured blood pressure, results of a blood

sample analysis, and anthropometric data are available. Up to now, data on nurse visits

is available for waves 0 and 2. In wave 0, a blood sample analysis was only carried out

for individuals in the 1998 HSE year. As a focus of this study is the scope for adverse

selection when insurance companies are allowed to collect and use outcomes of medical

screening, the analysis is conducted using only ELSA sample members that were sampled

for the 1998 HSE.

The ELSA data in wave 0 contains 8,267 individuals from HSE 1998 (7,807 core sample

members and 459 younger partners). Everyone who conducted the interview was eligible

for the nurse visit in HSE, therefore core sample members and younger partners from wave

0 are included in this analysis. As Table 1 shows, the data contains information on age,

gender, race, social occupational class, martial status and smoking status for nearly all

individuals in the sample. Individuals older than 90 are not included in the analysis as

their exact age is not known. This reduces the sample size by 1 percent.

The medical information available is displayed in Tables 2 and 3. As columns 2

(women) and 5 (men) of Table 2 show, self-reported health data and information about

co-morbidities are also broadly available. Objectively measured health data, however, is

missing for a relatively large share of individuals. Overall, all health measures in wave 0

are available for about 50% of the sample.

3For a more thorough description of the ELSA data see Marmot et al. (2009).
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The sample size shrinks further due to attrition when analyzing a new diagnosis or

recurrence of a major health condition. Information on this dependent variable is derived

from an individual’s anwers to questions in subsequent waves of ELSA on whether they

have been diagnosed with cancer, heart disease and/or stroke. The information is thus

only available if the individual appears again in ELSA after wave 0. Overall, of the 4,305

individuals with objective health data only 71 percent are observed at least once after wave

0. The others drop out because they refuse further participation (56.9 percent of attrition),

because they die (15.5 percent) or for other reasons.

Information on death, however, is collected regardless of attrition by linking data to

information from the Department of Work and Pensions and to data about death contained

in the National Health Service Central Register held by the Office of National Statistics.

As can be infered from the differences in the means between columns 1 and 3 (women)

and between columns 4 and 6 (men) of Tables 1 and 2 the individuals who remain in

the sample when item non-response in wave 0 and attrition are taken into account differ

in many aspects from the overall sample. They are on average younger, more likely to

be white or married and less likely to be smokers. Also, they are healthier in terms

of both, subjective and objective health measures. If the predictive power of SRH for

subsequent health events varies with health or age, ignoring the two selection mechanisms

might result in biased estimates. Furthermore, the existence of unobservable influences on

selection that also affect the future health outcomes would lead to inconsistent estimates

when ignoring selection. Inverse probability weighting is employed to correct for the two

selection mechanisms.

Figures 1 and 2 present a first glance at the relationship between SRH and the future

health events. There seems to be a graded relationship of SRH and all-cause mortality for

both genders: The better SRH in 1998, the lower the average of people who are known to

be dead by the year 2008. For men, a similar graded relationship can be observed between

SRH and a diagnosis of a major condition within the next 8 years. Similarly, less women

in very good or good health are diagnosed with a major condition within the next 8 years
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compared to women in fair, bad or very bad health. The graded relationship does not hold,

however, for very bad or bad health compared to fair health for women.

4 Estimation Strategy

The existence of private information in health insurance, life insurance and annuities mar-

kets is investigated by regressing indicator variables for the occurence of future health

events on categories of SRH and different control variables at a baseline year. To capture

the risk that is insured in life insurance and annuities markets the dependent variable is

whether an individual is dead 10 years after the baseline interview. The insured risk in

health insurance markets is captured by a variable that indicates whether an individual

is newly diagnosed or has a recurrence of heart disease, cancer or stroke within 8 years

after the initial interview. These conditions belong to the most costly conditions at the per

capita level (Druss et al. (2002)) and are thus good proxies for the risk insured in health

insurance markets, namely high medical expenses.

The information about the future health events that is contained in SRH is interpreted

as evidence for private information. SRH might, of course, not capture all private knowl-

edge on health and mortality risk as SRH asks about health at the time of the interview

and not about expected changes in health or death in the future. A better suited proxy

for private information might be subjective life expectancy. Hurd and McGarry (2002)

find that subjective life expectancy contains an expectational component in addition to

the health component that is also captured by SRH. Subjective life expectancy, however,

is only elicited starting from ELSA wave 1. Objectively measured health information is

only available in wave 0 and 2, thus using subjective life expectancy in the analysis would

reduce follow-up time significantly. Subjective life expectancy is, however, included in the

analysis as a robustness check.

Let yj∗i , j ∈ {D,M} denote latent variables for the future health events, where D

stands for death and M for being diagnosed with a major condition, for individual i. Each
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of the yj∗i ’s can be represented by the following equations

yj∗i = βj0 + βj1SRH1i + βj2SRH2i + βj3SRH3i + βj4Xai + εji (1)

yji = I(yj∗i > 0)

where the SRH variables represent dummies for the three categories, very bad/bad, good

and very good SRH with fair SRH as the reference category. Xa is a vector of variables

that represent the information that insurance companies in insurance market a collect and

use for underwriting.

εji captures unobservables influences on the latent future health event j. Under the

assumptions that εji ∼ N(0, 1) and that the correlation between εD and εM , ρDM , is equal

to 0, I estimate Pr(yji = 1) for each of the health events independently using single equation

probit models.4

Table 4 displays the variables that are typically collected and used in the application

process in different insurance markets in the UK and in the US. The listed variables rep-

resent information that is used for risk classification and calculation of premia. As has

been noted by Finkelstein and Poterba (2006), insurance companies may have additional

information about applicants that is not used in underwriting. These “unused observables”

do not mitigate the scope for adverse selection and are thus not included as controls in X.

The vector of control variables for the investigation of private information on the insured

risk in group health insurance markets, XGroupHI , does not include any variables as there

is typically no individual underwriting in these insurance markets. In annuities markets,

underwriting is based on the individual’s age and sex. As I estimate separate models for

men and women the vector of control variables in annuities markets, XAnnuities, includes

only linear splines in age.

Considerably more information is used for underwriting in life and health insurances in

both, the UK and the US. In addition to age and sex, medical information of the individual

4The assumption of independence between the error terms can be relaxed and a bivariate equation
probit models be estimated. For this analysis, however, the assumption of independent error terms seems
appropriate as only private information on the particular risk insured in each specific market, i.e. either
the risk of dying/surviving or the risk of high medical expenses, is of interest.
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is typically used. To capture the medical information I include self-reported conditions,

linear splines of objectively measured BMI, waist-to-hip ratio, and blood values in XLife

and XIndividualHI . Information on whether individuals smoke or used to smoke is typically

also used in health and life insurance underwriting and is thus included as control variable.

Furthermore, life insurance and some health insurance companies use medical history of

an individual’s family which is proxied for by parents’ cause of death in my analysis.

Insurance companies sometimes use information on occupational status, dangerous oc-

cupations, hazardous hobbies, risky travel destinations, residence/citizenship, and alcohol

or drug abuse for underwriting. As a proxy for dangerous occupation, I include dummies

for occupational social class. The other variables are unfortunately not well captured in

the ELSA data.

5 Results

Average marginal effects after probit estimation of equation 1 are reported in Tables 5-8.

The first two tables show the information in SRH on whether an individual dies within the

next 10 years, for men and women respectively. Tables 7 and 8 display average marginal

effects for a new diagnosis or recurrence of one of the major health conditions, heart disease,

cancer or stroke, in the next 8 years. All tables show results that are weighted to correct

for missing data.5

The first columns of Tables 5 and 6 show that there is significant information in SRH

in 1998 for whether an individual is known to be dead 10 years later when no further

variables are added as controls. As in annuities markets, age and sex are typically used

for underwriting, column 2 of each of the tables is of specific interest. For both genders,

all three SRH coefficients are highly significantly different from 0. The average marginal

effects indicate that conditional on age women (men) in very good SRH in 1998 are 8

(13) p.p. less likely to be dead in 2008 than women (men) who rate their health as fair.

5The estimation of the weights is described in the appendix. Unweighted results do not differ signifi-
cantly from the weighted results.
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When interpreting conditional information in SRH as private information these result show

evidence for a scope for adverse selection in annuities markets.

From left to right more control variables are added to the estimation. The last columns

of Tables 5 and 6 report average marginal effects when age, smoking information, medical

conditions, family health history, social occupational class and objective health data are

included as controls. The p-values of the Wald test for joint significance indicate that for

both genders the three SRH coefficients are still jointly significantly different from 0 at

a 10 percent significance level. The inclusion of the additional controls, however, and in

particular the inclusion of the objectively measured health information, leads to an attenu-

ation in the average marginal effects and to a reduction in the signficance of the underlying

coefficients of SRH. Thorough underwriting, and in particular medical underwriting that

includes blood tests and other objectively measured health data, is thus able to significantly

reduce private information about mortality risks.

Tables 7 and 8 show similar results for the diagnosis or re-diagnosis of a major condition

in 8 years after the baseline interview. With no additional controls added, the coefficient of

the three SRH categories are jointly significantly different from zero for women and men.

When there is no individual underwriting, as in the case of employer-sponsored health

insurance, there thus seems to be private information and therefore scope for adverse

selection.

The inclusion of additional controls from left to right in Tables 7 and 8 results in

a reduction in the information in SRH. For both genders, the inclusion of self-reported

medical conditions and the number of prescription drugs taken in column 4 leaves no

additional explanatory power in SRH for the diagnosis or re-diagnosis of a major health

condition. Taking information in SRH on a future diagnosis of a major condition as private

information that is relevant for the insured risk in health insurance markets, the results

indicate that medical underwriting might also be a crucial determinant of the degree of

private information in private health insurance markets.

Overall, the results help to strengthen the intuition that it is important to consider the
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exact information that insurance companies use for underwriting when analyzing adverse

selection. For example, ignoring the fact that in some insurance markets objective health

data is available to the insurance company likely overstates the scope for adverse selection.

It should be born in mind, however, that SRH is only a proxy for private information about

the different health events. It might be the case that individuals have private knowledge

on their risk of dying or contracting a specific disease that might just not be reflected in

SRH. It would thus be interesting to elicit individuals’ knowledge on specific future health

events by asking more specific questions.

6 Robustness

In this section, I present different sensitivity analyses. First, subjective life expectancy is

included in the analysis instead of SRH as it might be a better proxy for private information

on mortality risks. Second, the analysis is conducted for younger individuals only as

some insurance companies set maximum ages at which individuals can buy new policies

(Mossialos and Thomson (2009)). Third, the time-horizon of the dependent variables is

shortened to 4 years to reflect the use of short-term contracts that is especially common

in private health insurance markets.

Table 9 displays the results using subjective life expectancy instead of SRH as proxy

for private information.6 This variable is only available in ELSA starting from wave 1.

The earliest wave that contains both, subjective life expectancy and objectively measured

health data, is wave 2 and I thus use 2006 as baseline year for this analysis. The dependent

variable is whether an individual is known to be dead by 2008.7 For means of comparison,

I also report results using SRH in 2006.

The first panel in Table 9 reports average marginal effects for 3 categories of subjective

life expectancy after probit estimation. Significant information in subjective life expectancy

6Subjective life expectancy in ELSA is elicted with the question “What are the chances that you will
live to be x or more?” Where x depends on the individual’s age at the time of the survey. The average
time horizon for this question in the estimation sample is 15 years.

7Information for later years is not available up to now.

12



is found for both genders when only age splines are included as controls. Individuals

who report a 50-74 or 75-100 percent chance of surviving the next years are less likely

to die within the next two years than individuals who report a 25-49 percent chance.

For both genders, the underlying coefficients remain jointly statistically significant when

the full set of available life insurance controls in ELSA wave 2 is included as control

variables. The average marginal effects, however, lose statistical significance with inclusion

of the additional controls. There is some evidence for private information in subjective

life expectancy on dying within the next two years. However, the time horizon in this

robustness analysis is different from the main analysis and the life insurance controls are

not fully identical with the controls in the main analysis because different variables are

contained in the different ELSA waves. The results are thus not directly comparable with

each other.

Whether subjective life expectancy is a better proxy for information on mortality risk

can be seen by comparing the results reported in the first and the second panel of Table 9.

For women, subjective life expectancy seems to contain more information on dying in the

next years than SRH. While the underlying coefficients of the former remain jointly statis-

tically significant at all common significance levels after the inclusion of the life insurance

controls, the latter only remain jointly significant at a significance level of 15 percent. For

men, the difference between using SRH and subjective life expectancy is less pronounced.

The underlying coefficients of both variables remain highly jointly signficant after the in-

clusion of the life insurance controls. Using SRH and subjective life expectancy would

thus result in the same conclusion about the existence of private information. There is

only weak evidence that subjective life expectancy is indeed a better proxy for private

information on mortality risk than SRH.

The results for the second and third robustness analyses are summarized in Table 10.

The first two panels display average marginal effect of the three SRH categories for women

and men younger than 65. The first two columns report the average marginal effects

when the dependent variable is whether an individual is known to be dead by 2008 or not.
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Column 3 and 4 report results for whether an individual is diagnosed or re-diagnosed with

a major health condition as dependent variable.

With only age as controls, there is significant information in SRH on dying in the next

10 years for men and women younger than 65. Including the full set of life insurance

underwriting controls eliminates all private information captured in SRH. Similarly, SRH

contains significant information for diagnoses or re-diagnosis of a major condition when

no controls are included. When including the full set of private health insurance controls

some significant information remains in the coefficients of SRH. However, the average

marginal effects are never significant in the full control setting. Limiting the possible ages

at which individuals can buy individual private health or life insurance thus does not seem

to contradict the conclusion that thorough underwriting has the potential to eliminate

private information that exists a priori on health and mortality risks.

Panels 3 and 4 of Table 10 report the average marginal effects of the three SRH cate-

gories when the dependent variable is whether an individual is known to be dead by ELSA

wave 1 (columns 1 and 2) and whether an individual reports a diagnosis or recurrence of a

major health condition in wave 1 (columns 3 and 4). Similarly to the results of the main

analysis, there is information in SRH on death with limited controls that diminishes when

the full set of life insurance controls is included.

For women, the results are not changed qualitatively when analyzing the information

in SRH for a diagnosis or recurrence of a major health condition. There is private infor-

mation in SRH when including no controls that disappears with inclusion of the full set

of health insurance control variables. For men, some significant information remains in

SRH for the diagnosis or recurrence of a major condition even after the full set of health

insurance controls is included in the analysis. The underlying coefficient of very good SRH

is significant at the 5 % level. The average marginal effect, however, is reduced by almost

a factor of 1/2 compared to the estimation with no controls and is no longer statistically

significantly different from 0.

Overall, the robustnes analyses do not contradict the main conclusion that different
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degrees of private information remain after underwriting in different insurance markets.

While there is some evidence that subjective life expectancy is a better proxy for infor-

mation on mortality risk than SRH, the reduction in information contained in the former

variable is similar to the reduction in the information contained in SRH when additional

controls are included. Furthermore, private information on both, mortality and health risk,

is reduced through underwriting for younger individuals and when the realization of the

risk is calculated at a shorter term.

7 Conclusion

The mixed empirical evidence on adverse selection in different insurance markets stands

in contrast to the robust predictions on the existence of adverse selection in theoretical

models. This divergence has engendered research that tries to reconcile theoretical and

empirical results. This paper focuses on one possible explanation for the mixed findings in

the empirical literature: differences in the scope for adverse selection in different insurance

markets. In insurance markets in which insurance companies collect a lot of information

about their applicants and use this information for underwriting, private information might

not exist and thus there might be no scope for adverse selection.

In this study, I focus on the markets for life insurance, annuities and health insurance.

Private information in these markets is detected by using information in SRH on dying

in the next years and on future diagnoses of diseases. Different verifiable measures are

included as controls in addition to SRH to imitate different types of information used in

underwriting in the different insurance markets. The information that remains in SRH

when including the different sets of underwriting controls is interpreted as private infor-

mation in the different insurance markets.

The analysis employs data from ELSA, one of the rare longitudinal data sets that pro-

vides objectively measured health data. These data allow to mimic medical underwriting

with greater precision than is typically possible with data from population surveys that

only include self-reported health information. As thorough medical underwriting that in-
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cludes outcomes of medical exams is typically conducted in life insurance markets and

private individual health insurance markets, ELSA’s objectively measured health data is

particularly valuable for my analysis.

Dying within the next 10 years is significantly related to SRH at baseline when only

information on age and sex is additionally included in the analysis. When medical informa-

tion and objectively measured health data is additionally included, however, the predictive

power of SRH for death or survival vanishes. Similarly, there is significant information

in SRH for the diagnosis or recurrence of a major health condition in the next 8 years

with only limited controls. The inclusion of medical information reduces the amount of

information contained in SRH to insignificant levels. These results are robust to changes

in the time horizon and to restricting the sample to younger individuals.

There is thus evidence for private information on mortality risk and health risk if

insurance companies do not use medical information for underwriting. When medical

underwriting is conducted, however, the private information and thus the scope for adverse

selection is eliminated.

These findings can potentially reconcile differences in evidence of adverse selection that

are found between life insurance and annuities markets and between group and individual

private health insurance markets. Only limited information is used for underwriting in

group health insurance and annuities and these markets are found to suffer from adverse

selection. In individual health and life insurance markets medical underwriting is typically

performed and there is no evidence for adverse selection. My results strengthen the intu-

ition that different degrees of private information exist in the different markets and can

thus help to explain the different results for adverse selection.
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Table 1: Descriptives- ELSA Wave 0

Women Men
A B A B

Variable Mean (% missing) Mean Mean (% missing) Mean

Age

Age < 50 .2 (0.00) .23 .15 (0.00) .18
Age 50-59 .29 (0.00) .34 .31 (0.00) .34
Age 60-69 .24 (0.00) .25 .27 (0.00) .30
Age 70-79 .19 (0.00) .14 .19 (0.00) .15
Age 80-89 .09 (0.00) .04 .07 (0.00) .04
Occupational Class

Professional .05 (0.00) .07 .07 (0.00) .09
Managerial -technical .29 (0.00) .32 .31 (0.00) .33
Skilled - non manual .16 (0.00) .14 .09 (0.00) .09
Skilled-manual .25 (0.00) .27 .33 (0.00) .32
Semi-skilled manual .16 (0.00) .14 .14 (0.00) .13
Unskilled manual .07 (0.00) .05 .05 (0.00) .04
Other social class .03 (0.00) .01 .01 (0.00) .01
Marital Status

Married .62 (0.00) .70 .77 (0.00) .80
Widowed .22 (0.00) .15 .08 (0.00) .06
Separated/divorced/single .16 (0.00) .16 .15 (0.00) .14
Activity Status

Retired .38 (0.00) .32 .41 (0.00) .36
Unemployed .01 (0.00) .02 .03 (0.00) .02
Sick .04 (0.00) .02 .08 (0.00) .06
Working .36 (0.00) .45 .47 (0.00) .54
Inactive .21 (0.00) .19 .02 (0.00) .01
Race

White .97 (0.00) .98 .97 (0.00) .98
Smoking Behavior

Current Smoker .22 (0.00) .19 .22 (0.00) .16
Ever Smoker .56 (0.00) .54 .74 (0.00) .71

N 4,648 1,574 3,556 1,242

Notes:
A - Entire sample
B - Part of sample with no item non-response and no attrition
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Table 2: Health Measures in ELSA Wave 0

Women Men

A B A B

Variable Mean (% missing) Mean Mean (% missing) Mean

Self-Rated Health
Very bad/bad .1 (0.00) .06 .11 (0.00) .06

Fair .25 (0.00) .21 .23 (0.00) .19

Good .39 (0.00) .42 .37 (0.00) .40
Very good .27 (0.00) .32 .29 (0.00) .35

Medical Conditions

Hypertension .3 (0.11) .23 .29 (0.03) .24
Diabetes .04 (0.02) .02 .06 (0.00) .04

Stroke .03 (0.00) .02 .04 (0.03) .02

Heart Attack .03 (0.02) .01 .08 (0.03) .04
Angina .07 (0.00) .04 .1 (0.03) .05

Heart Murmur .04 (0.02) .04 .04 (0.00) .02

Irregular Heart Rhythm .07 (0.00) .05 .08 (0.00) .05
Oth Heart Problems .02 (0.02) .01 .03 (0.00) .01

GHQ121 1.61 (6.26) 1.38 1.23 (6.21) .92
No Longstanding Illness (LI)2 .45 (0.04) .51 .43 (0.06) .48

Non-limiting LI .2 (0.04) .21 .22 (0.06) .24

Limiting LI .36 (0.04) .28 .36 (0.06) .29
# Prescription drugs taken3 1.85 (14.44) 1.31 1.62 (12.77) 1.1

Use of Medical Services

# of GP visits last 2 weeks4 .23 (0.02) .2 .2 (0.03) .16
# Hospital nights last year5 1.03 (0.04) .45 1.15 (0.08) .51

Family Health History

Father dead .86 (2.32) .83 .89 (2.53) .88
Mother dead .73 (1.61) .67 .76 (1.77) .71

At least one parent died of

Hypertension .01 (1.25) .01 .01 (1.88) .01
Angina .03 (1.25) .02 .02 (1.88) .03

Heart Attack .27 (1.25) .27 .28 (1.88) .27
Oth Heart Problem .14 (1.25) .13 .15 (1.88) .15

Stroke .09 (1.25) .09 .08 (1.88) .09

Diabetes .02 (1.25) .03 .02 (1.88) .02
Objective Health Data6

Haemoglobin<13a), 11.5b) g/dL .05 (32.66) .03 .08 (27.33) .06

Haemoglobin>18a), 16.5b) g/dL .002 (32.66) .001 .003 (27.33) .001

Ferritin< 25a), 20b) µg/L .14 (33.91) .14 .06 (28.4) .07

Ferritin>400a), 200b) µg/L .03 (33.91) .02 .02 (28.4) .02
Total cholesterol>5 mmol/L .8 (33.54) .79 .75 (29.67) .77

HDL cholesterol<1a), 1.2b) mmol/L .14 (34.34) .13 .18 (29.84) .17

C-reactive protein>5 mg/L 0.23 (32.22) 0.21 0.20 (27.18) 0.16
Fibrinogen<1.7 g/L .01 (41.61) .01 .02 (37.46) .02

Fibrinogen>3.7 g/L .11 (41.61) .11 .1 (37.46) .08
Normal blood pressure untreated .63 (22.93) .75 .6 (22.41) .72
Normal blood pressure treated .17 (22.93) .09 .18 (22.41) .1

High blood pressure treated .09 (22.93) .05 .07 (22.41) .04

Underweight (BMI<20) .04 (11.79) .03 .02 (10.46) .01
Overweight (25≤BMI<30) .38 (11.79) .4 .52 (10.46) .53

Obese (30≤BMI) .25 (11.79) .24 .21 (10.46) .21

Waist-Hip-Ratio> 1a), 0.85b) .29 (16.31) .25 .15 (13.84) .14

N 4,648 1,574 3,556 1,242

Notes:

A - Entire sample, B - Part of sample with no item non-response and no attrition
1 12-item General Health Questionnaire, values range from 0 to 12.
2 For different longstanding illnesses see Table 3.
3 Variable ranges from 0 to 16 (0 to 15 in B) for women, and 0 to 16 (0 to 12 in B) for men.
4 Variable ranges from 0 to 8 (0 to 5 in B) for women, and 0 to 5 (0 to 3 in B) for men.
5 Variable ranges from 0 to 104 (0 to 30 in B) for women, and 0 to 144 (0 to 36 in B) for men.
6 Reference ranges taken from Oliveira (2008)
a) Value for men, b) Value for women
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Table 3: Prevalence of Different Longstanding Illnesses in Wave 0

Women Men
A B A B

Variable Mean Mean Mean Mean

Cancer .03 .02 .02 .01
Endocrine/metabolic .05 .05 .02 .02
Mental illness .03 .02 .02 .02
Migraine/headaches .02 .02 .01 .01
Other problem nervous system .03 .02 .03 .02
Cataract/poor eye sight .02 .01 .02 .02
Other eye problems .01 .01 .02 .02
Poor hearing/deafness .02 .01 .03 .03
Other ear complaints .04 .01 .05 .02
Embolic .01 .01 .02 .01
Bronchities/emphysema .01 .01 .02 .01
Asthma .06 .06 .05 .06
Respiratory complaints .02 .02 .03 .03
Stomach ulcer .03 .02 .03 .04
Other digestive complaints .02 .02 .01 .01
Complaints of Bowel/colon .04 .03 .02 .02
Reproductive system disorders .01 .02 .02 .02
Arthritis .18 .15 .12 .12
Back problems .06 .06 .08 .08
Problems of bones/joints/muscles .07 .06 .08 .09
Skin complaints .01 .01 .02 .01

N 4,648 1,574 3,556 1,242

Notes: Information on specific longstanding illness is missing for 0.09 % of women and 0.06% of men.
A - Entire sample
B - Part of sample with no item non-response and no attrition
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Table 4: Information Used in Underwriting

Health Risk Mortality Risk
Group HIa Individual HIb Annuitiesc Life Insuranced

Age X X X

Sex X X X

Smoking Behavior X X

Medical Conditions X X

Objective Health Data X X

Use of Prescription Drugs X X

Prior Use of Medical Services X

Family Health History (X) X

Occupational Class X X

Alcohol/Substance Abuse X X

Driving Information X X

Residence/Citizenship X X

Dangerous Hobbies X X

Foreign Travel X X

Notes:
a) See Cutler et al. (2008) and Anon. (1999). b) See Anon. (1999). c) See Cutler et al. (2008). d) See
Cutler et al. (2008) and He (2009). The table displays types of information used in risk classification and
calculation of premia in different insurance markets. While in the US family history is typically not used
in underwriting health insurance (Anon. (1999)) it is used in the UK.
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Table 9: Robustness – Mortality Risk and Subjective Life Expectancy

Women Men
Annuity Life Insurance Annuity Life Insurance

Subjective Life Expectancy
Probability of surviving – 0− 24% .005 .007 .021 .018

(.012) (.020) (.017) (.031)
Probability of surviving – 50− 74% -.023** -.059** -.046*** -.038***

(.013) (.052) (.019) (.061)
Probability of surviving – 75− 100% -.019 -.040 -.044** -.036***

(.013) (.040) (.021) (.059)
Wald test (p-value) 0.018 0.016 0.000 0.003
N 2,565 2,504 2,142 2,136
Pseudo R2 0.1408 0.2814 0.1417 0.3073

Self-Rated Health
SRH – bad/fair .019** .023 .074*** .032***

(.009) (.023) (.015) (.052)
SRH – very good -.028** -.039 .026 -.011

(.013) (.038) (.018) (.021)
SRH – excellent -.013 -.021 .006 .004

(.013) (.033) (.021) (.011)
Wald test (p-value) 0.000 0.131 0.000 0.004
N 2,565 2,504 2,141 2,135
Pseudo R2 0.1622 0.2734 0.1769 0.3081

* p<0.10, ** p<0.05, *** p<0.01 - test of the underlying coefficient being 0

Notes: Standard errors in parentheses. Dependent variable is whether an individivual is known to be dead
by the year 2008. Explanatory variables are taken from ELSA wave 2. Reference category of subjective
life expectancy is 25-49 % chance of survival up to certain age. SRH measured on the US scale in wave 2,
good SRH, the middle category, chosen as reference. The different columns include different sets of control
variables. Column Annuities includes age splines, Life Insurance includes age splines, smoking information,
medical conditions, number of prescription drugs taken, family health history, and objective health data.
Results are weighted to correct for missing objective health data using weights provided in ELSA.
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Table 10: Robustness – Heterogeneous Effects and Follow-up Time

Mortality Risk Health Risk
Annuity Life Insurance Group HI Individual HI

Women younger than 65
SRH – very bad/bad .065 -.03 -.043 -.073

(.072) (.015) (.065) (.086)
SRH – good -.063* -.015 -.06 -.003

(.032) (.009) (.039) (.011)
SRH – very good -.079** -.001 -.131*** -.092**

(.031) (.011) (.03) (.097)

Men younger than 65
SRH – very bad/bad .195*** .064 .087 .08**

(.088) (.021) (.141) (.102)
SRH – good -.093** -.044 -.152** -.006

(.038) (.012) (.06) (.01)
SRH – very good -.124*** -.02 -.24*** -.031

(.039) (.013) (.043) (.045)

Women – event by 2002
SRH – very bad/bad .096*** .043 .1 -.032

(.044) (.022) (.15) (.033)
SRH – good -.031 -.002 -.174*** -.003

(.019) (.006) (.042) (.008)
SRH – very good -.03 .003 -.209*** -.004

(.02) (.007) (.036) (.01)

Men – event by 2002
SRH – very bad/bad .094** -.003 .127 .004

(.051) (.01) (.115) (.013)
SRH – good -.041* -.013 -.086 -.013

(.021) (.008) (.052) (.019)
SRH – very good -.082*** -.027 -.154** -.078**

(.02) (.013) (.046) (.098)

* p<0.10, ** p<0.05, *** p<0.01 - test of the underlying coefficient being 0

Notes: Standard errors in parentheses. Panels 1 and 2 show average marginal effects after probit estimation
for individuals younger than 65. Panels 3 and 4 shorten the follow-up time to 4 years. Different columns
include different sets of control variables. Column Annuities includes age splines, Life Insurance includes
age splines, smoking information, medical conditions, number of prescription drugs taken, family health
history, social occupational class, and objective health data, Group HI includes no controls in addition to
SRH, and Individual HI includes the same variables as Life Insurance plus use of medical services. Results
are weighted to correct for missing data.
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Figures

Figure 1: SRH and future health events - Men

Figure 2: SRH and future health events - Women
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Appendix

A – Inverse Probability Weighting

In order to correct for item non-response and attrition inverse probability weighting is

employed. To correct for the two selection mechanisms simultaneously, I estimate the joint

probability of availability of all objective health measures in wave 0, (h = 1), and no

attrition after wave 0, (a = 1), using a bivariate probit model.

The crucial assumption for consistency with this approach is conditional independence:

Pr(a = 1, h = 1|y, SRH,XIndividualHI , d) = Pr(a = 1, h = 1|SRH,Z, d)

where Z ⊂ XIndividualHI , and XIndividualHI is the largest set of underwriting controls. Z

includes all variables in XIndividualHI except for the objectively measured health data. d is

a vector of additionally included control variables.

The conditional independence assumption would be invalidated by the existence of

unobservables that influence both, selection and the outcome y. The variables included in

d thus not only have to be significant predictors of attrition and item non-response but

also have to be related to y in order to attenuate the worry of unobservable influences.

Potential candidates for inclusion in d are health-related variables that are not used by

insurance companies for underwriting and are therefore not included in the different sets

of control variables X.

In my analysis, d includes information on marital status, activity status, race, the

household’s economic situation, survey participation behavior of other survey members in

the same household, the individual’s survey participation behavior in other parts of the

survey in wave 0, and information on the situation during the interview.

Separate bivariate probit models are estimated for men and women. The coefficients

are displayed in Table 11. Many of the variables included in d significantly affect selection.

Furthermore, the two selection mechanisms are positively correlated for both genders. An

individual who is more likely to stay in the survey is thus also more likely to have a nurse

visit and a blood sample taken. This could reflect an unobserved liking for surveys.
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Table 11: Selection Mechanisms - Bivariate Probit

Women Men
a h a h

Completed survey .197 (.167) .377** (.157) -.146 (.202) .465*** (.180)
Partner a=1 2.36*** (.067) .262*** (.049) 2.468*** (.071) .235*** (.053)
Partner h=1 -.154** (.064) .638*** (.049) -.112* (.067) .603*** (.051)
Interviewed alone .233*** (.063) .103* (.055) .599*** (.080) .058 (.064)
HH size -.064** (.030) .004 (.026) -.035 (.035) .009 (.027)
Rent home -.05 (.058) .016 (.052) -.100 (.074) -.131** (.063)
Married -.73*** (.076) -.245*** (.067) -.609*** (.096) -.295*** (.081)
Widowed -.034 (.075) -.006 (.072) .310*** (.113) .081 (.106)
White .118 (.125) .045 (.115) -.242 (.153) .023 (.129)
Retired -.018 (.068) .016 (.059) -.17 (.213) -.195 (.186)
Unemployed .623*** (.235) .082 (.188) -.484* (.254) -.462** (.221)
Working -.039 (.075) .036 (.061) -.273 (.200) -.299* (.176)

Self-Rated Health X X X X

Age splines X X X X

Smoking Behavior X X X X

Medical Conditions X X X X

Service Use X X X X

Family Health History X X X X

Occupational Class X X X X

ρ .233*** (.029) .149*** (.035)
N 4,648 3,556

* p<0.10, ** p<0.05, *** p<0.01

Notes: Standard errors in parentheses. a is equal to 1 if an individual is observed at least once after
ELSA wave 0, h is equal to 1 if all objectively measured health variables are observed for an individual.
Columns 1 and 2 (3 and 4) report coefficients after bivariate probit analysis for women (men).

The results in Table 11 are used to predict Pr(a = 1, h = 1|SRH,Z, d) and Pr(h =

1|SRH,Z, d) for each individual. 1

P̂ r(a=1,h=1|SRH,Z,d)
is used as a weight in estimation when

the dependent variables is an indicator of a diagnosis or reoccurence of a major health

condition. Whether an individual dies or not is observed irrespective of attrition, therefore

1

P̂ r(h=1|SRH,Z,d)
is used as a weight in the estimations for private information on mortality

risk.
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