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Abstract

This paper is a contribution to the debate about whether regulations that ban
insurance companies from access to individuals’ genetic tests may lead in the near to
medium term future to substantial adverse selection costs. We choose the specific
possibility of widespread knowledge based on genetic testing for the so-called breast
cancer (BRCA1/2) genes. We use a data set including economic, demographic, and
relevant family background information to simulate the market for 10-year term life
insurance targeted at women aged 35 to 39. Using standard welfare economic analysis
for various information and regulatory scenarios concerning genetic test results, we find
generally only modest adverse selection costs associated with such a regulatory ban.
However, for family background groups which are at high risk for carrying one of the
BRCA1/2 genes, the efficiency cost of adverse selection may be significant especially if a
large fraction of women within such groups were to obtain genetic test results. These
results, therefore, suggest some caution in developing regulations which protect
individuals’ genetic privacy.
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1. INTRODUCTION

The debate on whether insurance companies should be allowed to use results of
genetic tests for the purpose of assessing differential prices for health, life, or disability
insurance has been very lively and increasingly relevant as genetic technology and law
making efforts are both progressing very rapidly." The US senate in 2003 passed the so-
called Genetic Information Nondiscrimination Act (GINA) by a unanimous vote and the
bill is waiting attention by the House. Although GINA restricts the use of genetic test
results only for health insurance and employment purposes, many other countries extend
restrictions to life and long-term disability insurance.’

Arguments in favour of restricting the use of genetic test results for rate-making
purposes are generally based on a concern with equity, while those who favour allowing
insurance companies to use the information argue that not to do so would expose the
market to serious adverse selection problems.” There is a limited empirical literature,
mostly based on actuarial simulations that estimate possible price effects for insurance
that would result from a ban on the use of genetic test results for rate-making purposes
(e.g., Macdonald, 2003, and Macdonald and Pritchard, 2000, 2001). Although this is one
important component of a full analysis of the associated adverse selection costs of such
regulation, this work can be usefully supplemented by standard economic welfare

analysis. In this paper we provide such an analysis for the specific case of information

! For example, the special issue of the North American Acutarial Journal (vol. 3, no. 1,
Jan., 1999), which is devoted to papers on genetic technology and underwriting reflects
such an interest.

*For a discussion on the variety of international regulatory responses concerning genetic
information and insurance, see Lemmens, Trudo and P. Bahamin (1998), Lemmens
(2000), and Knoppers, Godard, and Joly (2004). A recent editorial in Nature Genetics
(May, 2004) discusses the US Genetic Information Nondiscrimination Act.

3See Kitcher (1996) for a good discussion of the equity arguments supporting prohibition
of genetic information being used to risk-rate insurance. Also, see Hoy (1984), Hoy and
Lambert (2000), and Bossert and Fleurbaey (2002). For a general discussion of
efficiency concerns created by adverse selection in insurance see Crocker and Snow
(1986). See Brockett and Tankersey (1997) for a discussion about regulation of genetic
information in insurance markets.



relating to breast cancer; that is, the potential for genetic screening for the so-called
breast cancer susceptibility genes (BRCA1-2 genes). The advantage of a standard welfare
analysis is that it is based on a rational choice (utility-based) model that allows both for
price effects from related demand analysis and efficiency measurement of alternative
information scenarios and regulations.

We adopt a standard economic model of the life insurance market, based on Abel
(1986), Brugiavini (1993), Villeneuve (1999, 2000), and Hoy and Polborn (2000).
Insurance companies are assumed to offer nonexclusive contracts and to price these
contracts linearly. This contrasts with the models involving price-quantity competition,
pioneered by Rothschild and Stiglitz (1976) and Wilson (1977). Those models are well
suited to property-liability insurance where the size of the loss is clearly identifiable and
so the amount of insurance provided in the contract acts as an effective (self-) selection
mechanism for different risk types. However, the economic cost associated with loss of
life is not easily observable or objective. Moreover, individuals often change the amount
of their life insurance holdings over time and through various heterogeneous products
(e.g., whole life, group life, individual term insurance). Therefore, we develop a stylized
model of the term life insurance market and simulate the effect of allowing consumers to
hold private information (genetic test results) when deciding how much insurance to
purchase.” We compare the implications of allowing consumers to hold this information
as private to a laissez faire situation in which insurers do risk-rate premiums according to
genetic test results. In the case of private information, higher risk individuals purchase
more insurance than do lower risk individuals, hence driving the price higher than the
population weighted actuarially fair price. From an efficiency perspective this means
higher-risk types over-consume while lower-risk types under-consume, hence generating
adverse selection costs. We measure the adverse selection costs as a standard deadweight

loss based on the compensating variation measure.

* For empirical evidence on linearity of contracts and nonexclusivity of provision, see
Cawley and Philipson (1999) and Pauly, et al. (2003). Cawley and Philipson (1999) even
find concavity in the pricing of individual contracts (i.e., bulk discounting). This is
explained by the existence of some contracting costs being fixed in relation to the amount
of coverage for the policy. We abstract from such costs, although adopting a two-part
tariff would not change our analysis qualitatively.



In the short-term future at least (say less than 5 years), it seems plausible that not
many women will obtain genetic test results for the BRCA1/2 genes. One reason is cost.
As Subramanian, et al. (1999) note, the cost of the test is very high ($2,400) and since the
test is patented the cost may not fall significantly for some time. Therefore, we consider
the implications for adverse selection if only 5% of women become informed (i.e., take
the test), if 20%, and if 100%; the last of these to cover the maximum adverse selection
costs possible for this particular genetic test. We also break down our results by risk
classes as defined by different family background for breast and ovarian cancer. Since
higher risk classes as defined by family background imply different likelihoods for
possessing the gene, this is an important consideration. In particular, women with more
first-degree relatives having had breast or ovarian cancer, and at a younger age, will
presumably feel more at risk and hence be more likely to obtain the genetic test.’
Moreover, these classes also have a higher proportion of women who have the relevant
cancer genes. Therefore, not surprisingly, we find that adverse selection costs can be
substantially higher for classes represented by higher-risk family backgrounds.

We also use a variety of assumptions about risk preferences. We base our
analysis of the demand for life insurance on the presumption that a family’s objective is
to maintain its per capita standard of living should an adult (income earning) member
die.® 1In fact, we make explicit use of household equivalence scales to generate
benchmark preferences for life insurance. However, we do assume that insurance
purchasing is sensitive to price and so the above goal applies only if the individual
considers the price to be actuarially fair. Within this framework, we allow for a variety
of possible risk aversion levels. In this way we are able to provide extensive sensitivity
analysis for our simulations. Our overall conclusion is that the size of adverse selection
costs generated by a regulation prohibiting insurers from using genetic test results for the
BRCA1/2 genes would probably be very modest in most circumstances. Thus, equity
arguments that favour such regulation would not pale in comparison. However, for some

higher risk family background types, if women in sufficient numbers obtain genetic tests,

> There is evidence that women at higher risk are more likely to obtain diagnostic testing
(e.g., mammograms). See Picone, et al. (2004) and Witt (2004).

% See, for example, Bernheim, et al. (2003) and Gokhale and Kotlikoff (2002).



then adverse selection costs from such regulation could be substantial. This points to the
possibility that as genetic information in society grows, there may come a point when
genetic privacy may not be desirable. Thus, short to medium term moratoria on the use
of genetic test results by insurance companies may be a more desirable policy framework
than strict regulation through legislation that may be difficult to change in the future. In
the long run, however, as information that is available to individuals about their own
genetic predispositions grows and becomes more easily obtainable, regulations
prohibiting insurers from access to genetic information may lead to substantial adverse
selection costs. In this latter scenario, alternatives to banning the use of genetic test
results by insurers for risk-rating premiums, such as limited public life insurance
provision for high-risk types, may be more socially desirable.

The paper proceeds as follows. In section 2 we describe the basic underlying life
insurance model. The application for this model is described in section 3, along with a
brief discussion of the data sources and methods used to select parameters (see Appendix
1 for a fuller description). Results are discussed in section 4, with some extended results
designed to provide sensitivity analysis in section 5. Summary and conclusions are given

in the final section.

2. THEORETICAL BACKGROUND

First we present the model we use to describe an individual’s decision about how much
life insurance to purchase.” We then show how market equilibrium is determined when
there is a homogeneous group of consumers (i.e., individuals with the same probability of
death), a scenario that applies under symmetric information conditions. This is followed
by a discussion of equilibrium determination under conditions of asymmetric information
(i.e., when the population is made up of individuals who have different probabilities of
death and these are private information of consumers so that adverse selection occurs).

In the following section we show how to apply these models to examine the welfare

7 This model is based on Hoy and Polborn (2000).



implications of regulatory adverse selection in the case of genetic testing for BRCA1/2
genes.

An individual’s probability of death, p, depends on family history and is assumed
known to the individual. If the person has a genetic test for one of the BRCA1/2 genes,
then the individual revises her assessment of this probability depending on the test result
according to Bayes’ law. The insurer may or may not know individuals’ probabilities.
Since this depends on legislation as well as inherent observability of “personal”
information, we consider both cases of this information being used by firms and not
being used by firms, the latter situation resulting in adverse selection.

The economic resources available to families are measured in net present value
(NPV) terms, although for ease of discussion we generally simply refer to income. If the
individual (woman) in question dies and no life insurance were purchased, the income
earned by surviving family members is amount K, where K is the NPV of the income
stream of the other adult household member(s) (generally the father or step-father). For
single parent families K = 0 (strictly speaking).® If the individual lives, income consists
of the income of that individual, Y, as well as amount K. Life insurance can be purchased
in amount L > 0, at price 4. If the individual purchases life insurance, then in the death
state surviving family members have income K as well as income from the insurance
claim, resulting in a net amount of K + (I — 4)L. If the individual lives, income is ¥ + K—
AL; that is, total income less the cost of life insurance purchased. Letting u(*) and v(*)
represent von Neumann-Morgenstern elementary utility indices in the life and death
states, respectively, with «'(-),v'(-) > 0 and u"(-),v"(-) <0, then the expected utility of
the family as a function of insurance purchases is

EUWL)=(1-pu(K+Y —-AL)+ pv(K+(1—-A)L) (1)
The family will maximize expected utility subject to L > (), with first-order condition

— (1= p)Au' (K +Y = ALY+ p(1= AW (K + (1= A)L) <0 )

¥ Other sources of income could of course contribute to K and it is unlikely that the
children of a single parent who dies would be left with no resources. We have no person-
specific information about such resources and so in our simulations we set K equal to 5%
of Y in these cases, an admittedly conservative assumption. We also added 30% of Y to
each family’s income (in the death state) as a robustness test and this did not change the
qualitative nature of our results.



and second-order condition
(1-p)A°u"(K+Y —=AL)+ p(1=2)* V" (K +(1-A)L) < 0 3)
The second-order condition is always satisfied since we assume u"(-) <0 and v"(:) <O0.

For our simulations, we further assume families have constant relative risk aversion

(CRRA) utility functions with degree of risk aversion v:

X'
u(X)Zl_y y>0,y#1 (4)
u(X)=lnxX y=1

Additionally, utility in the death state is a fraction of utility in the life state; i.e.

v(x) =a - u(x) a<l
This is a simple way to parameterize the objective function in order to reflect the fact that
when an adult family member dies the total income required to maintain per capita
income levels for remaining members of the family falls. Note that this implies that, at
equivalent total family income, marginal utility of income is less in the death state than in

the life state.” Hence, expected utility is

EU(L)=(1- p)((K t j”w J + pa((K e j)L)H J )
with first-order condition
—-(1-pAUK+Y—-AL)7 + pa(1-ANK+(1-A)L)7” <0 (6)
and second-order condition
—(1=-p)Py(K+Y -AL)"" = pa(1-2)* y(K+(1-A)L) 7" <0 (7)

From (6) it is straightforward to derive that the demand for insurance is the value of the
following function:

pl/;/(l_/l)l/;/al/;/(K+Y)_(1_p)1/7/11/7K

L(a,p,K,Y,A)=
(a p ) (l—p)l/;//ll/y(l—/l)“rpl/}/(l—l)l/yal/}/i

®)

? That is, with one less family member per capita income is higher in the death state for
the same level of income that applies in the life state. Our method is consistent with the
use of equivalence scales for standardizing income needs for families of different size, as
described in the appendix.



Note that ifa = [ [i.e., v(:) =u(-) ] and Y > 0, then at zero insurance purchases (L = 0) the

marginal utility of income is higher in the death state than in the life state (since
u"()<0):
u'(K+Y)<v(K)=u'(K) 9)

If this were the case, then at actuarially fair pricing (i.e., A=p) the family would purchase
an amount of insurance so that income in the two states is the same. This is the standard
result that applies for the case of state independent preferences and actuarially fair
insurance pricing; i.e., that a risk averse individual chooses a quantity of insurance to
equalize income across states of the world. However, if a</ and insurance is priced at
the actuarially fair rate, the optimal amount of insurance purchases which equalizes
marginal utility across the two states implies less consumption in the death state than in
the life state. This is a reflection of the presumption implicit in the choice of a</ that
economic needs for the family are lower when there is one less person in the family.

Moreover, sinceu"(:) <0, the marginal utility in the life state is less the smaller is Y.

Thus, if Y is sufficiently small relative to K, then given a < [ it is possible that marginal
utility in the death state will be less than that in the life state even if no insurance is
purchased. In this case, it is optimal for the individual not to purchase any insurance
even if it is offered at the actuarially fair rate. We will see in our simulations that this is
an important possibility.

We assume that insurers are risk neutral, face zero administrative costs, and are in
a competitive price environment.'® If insurers can observe family history and age of the
individual, then they will also observe p, the individual’s probability of death.
Equilibrium in this situation is simply characterized by a price of 4 = p for each consumer
and demand determined by equation (8) above. In this case of symmetric information,
we can allow for individuals to have different values of the various parameters (a, K, and
Y) with no change to the determination of equilibrium price. If individuals vary
according to probability p, but this is observed by insurers, then the same model applies

except a different price is charged to each risk class.

19 Also implicit in our price formation model is that insurers do not use exclusive
contracts with consumers, which is the standard assumption in life insurance models (see
footnote 4). Thus, linear pricing applies.



Now, suppose we allow for heterogeneity of consumers in risk type (p) but
assume that specific individual realizations of p are not observed by firms. We index risk
type by r € T where T = {1, 2, ... t}. Thus, p" represents the probability of death for risk
type r with p’ <p’ <... <p'. Individuals also vary according to their inherent demand for
life insurance, which depends on family composition and other considerations. We index
demand type by d € M where M = {1, 2, ... m}. Thus, a“ represents the taste parameter
for demand type d with o’ <4’ <... <a™. The equilibrium price when different risk types
are pooled will be determined according to an interaction of these two dimensions of
heterogeneity (i.e., risk type and demand type).

If insurers are privy to the same information about risk type as are consumers
themselves, and are allowed legally to use this information, then the price charged will
simply be the actuarially fair rate; that is, A=p". Under these symmetric information
conditions, the demand for insurance follows from equation (8) differentiated by risk and
demand type, but with each individual belonging to a specific risk type being charged the
same price. Thus, we can summarize this outcome in equation (10) below.

=L@ p K YN, A=p (10)
Thus, the distribution of the parameter a within the population has no impact on the
determination of price under symmetric information.

Now suppose insurers cannot charge separate prices to individuals of different
risk types and must, instead, charge all individuals the same price 4. Leti=1, ..., N
index all individuals, regardless of risk type or demand type. Each individual is
distinguished by her risk type » and demand type d. Let p; be the probability of death and
a; be the demand type parameter for individual i. Thus, for each i it follows that p;, = p”
for some r € T and a; = a” for some d € M, with risk type being private information,
which in our application is due to regulation. We suppress the parameters K;, Y;, and a;,
and denote the demand for life insurance by individual i as L'(p;4). Thus, the total

revenue from selling insurance to the entire group of individuals, where of course in

some situations demand is zero, is TR(A) = Z/?,Li (p,,/A) while expected total cost is



ETC(A) = z p.L'(p;,2). Under conditions of perfect competition equilibrium price is
determined by the zero expected profit condition, /4(4) = TR(2) — ETC(1) = 0, and so
D> pL(pA,)
A==
z L (pl > /16 )

&y

We are ensured that an equilibrium price A, exists provided at least one person of the
highest risk type will demand a positive amount of insurance if charged the actuarially
fair rate for that risk type (i.e., if A = p'). The reason for this is that if 1 = p’, then
expected profit, /7(4), will be negative since the firm just breaks even on sales to the
lowest risk type individuals and all other contracts sold generate expected losses. If A=
p' then the profit will be greater or equal to zero since the firm breaks even on sales to the
individuals of the highest risk type and, if anyone of lower risk type purchases insurance,
then the insurer will earn positive expected profits on those contracts. Since all
component functions of 7/(7) are continuous in /A, then so is //(4) continuous. Thus, the
function /7(4) must equal zero for at least one value of .. The lowest such value is then

the equilibrium price A..""

3. APPLICATION

Our application is a simulation of the market for 10-year term life insurance for
Canadian women in the age group 35 to 39. We use data from the 1999 Canadian
National Population Health Survey (NPHS), Health Component Data Set, that provides
both detailed health information, including family background of breast cancer, as well as
relevant economic and demographic information that affect demand for life insurance.
The survey does not include information about life insurance purchases, and this is
simulated using a standard expected utility model. Risk factors (family background) that
determine the probability of a woman getting breast cancer as well as being positive for

one of the BRCA1/2 cancer genes is taken from the health survey and used in the

' If there is more than one value of 4 for which 77() = 0, then the lowest such value is
the equilibrium price since any higher price would be undercut by some firm(s). A formal

proof would be essentially the same as the analysis in section 2 of Hoy and Polborn
(2000).



program CancerGene to determine both the probabilities of getting cancer and the
probability that if the woman were to obtain a genetic test for the BRCA1/2 genes that
she would test positive. This allows us to explore how the insurance market would
behave in the various scenarios discussed earlier in this paper; in particular, with and
without a regulation which bans insurers from using genetic test results known to
insureds.

Here we provide a sketch of how this information was utilized in generating
simulations of the insurance market in both scenarios of symmetric and asymmetric
information regarding genetic test results. A more detailed explanation of the

computations and assumptions involved in the simulations is provided in the appendix.
The variables needed to describe the insurance market are y, p;, Vi, Ki, ai, qi, p;¢, p!”,

where person-specific information is indicated by subscript i. Although the risk
preference parameter, y, would realistically vary across individuals, we assume it is the
same for all. Not only would it be a substantial complication to depart from this
assumption, but we have no person-specific information about this risk parameter. We
do, however, vary this parameter in our robustness tests and so can demonstrate how our
results depend on this parameter.

First we establish a 10-year death probability from all causes (i.e., the probability
that a woman in the age group 35 to 39 will die within the next ten years) as a benchmark
by using the CDC Life Tables (Arias, 2000). We then deduct from this value the
probability that a woman would die of breast cancer over this period (i.e., not conditioned
on family background). This is our benchmark 10-year probability of death due to all
causes except breast cancer. Then, using the CancerGene program and the family
background information from the NPHS data set mentioned above, we create 13 risk
categories according to family background (e.g., based on whether any first- or second-
degree relatives of a woman had breast cancer).'> The death probabilities are denoted

simply by p;, j=1,2,...,13; that is, each person i belongs to one of these risk groups.

12 The probability of getting breast cancer is taken from Ford, et al., 1998, and the 10 year
survival rate for women getting breast cancer is taken from the SEER Cancer Registry
(see Ries, et al., 2004), based on all women under the age of 50.

10



If individuals obtain genetic test results, then their probability of dying from
breast cancer of course depends on both family background and whether the person tested
positive or negative. Integrating these differential probabilities of death from breast

cancer with the probability of death from all other causes leads to probabilities of death

denoted p{*and p;*, respectively. Summary data describing the thirteen risk groups

and the relevant probabilities for those who test positive and negative, should test results
be obtained, is given below in Table 1. Also included is the probability that a woman
from a given risk group will test positive (¢) for one of the BRCA1/2 genes and the
number of individuals in each group. (NOTE: We suppress subscripts 1 or j whenever it

will not lead to confusion.)

Table 1: Risk Groups

Group p P P’ g  #ind’s per group
1 0.017340 0.017309 0.048413 0.001 491
2 0.017344 0.017313 0.048417 0.001 157
3 0.017476 0.017269 0.086038 0.003 4
4 0.017483 0.017208 0.086037 0.004 21
5 0.017494 0.017287 0.085975 0.003 2
6 0.017500 0.017294 0.085982 0.003 5
7 0.017584 0.017240 0.086009 0.005 1
8 0.017608 0.017195 0.086005 0.006 2
9 0.017769 0.017219 0.086018 0.008 8

10 0.017814 0.017194 0.086017 0.009 1
11 0.018088 0.017193 0.086000 0.013 6
12 0.020125 0.017165 0.086007 0.043 1
13 0.021480 0.016994 0.086010 0.065 1

As can be seen from Table 1, there is very little difference in the overall probability of
death for family background types 1 through 10. However, there is substantial difference
in the relative likelihoods of women from these groups testing positive for the breast
cancer gene (from 0.001 in group 1 to 0.009 in group 10 and up to 0.065 in group 13) and
it is this latter factor that is an important driver of the cost of adverse selection when
insurers are not allowed to use genetic test results for rate-making.

Incomes of the household and the woman in particular are available from the data

set, although in group form. This information is used to generate the important economic

11



variables Y; and K;. Details on how grouped information was handled are in the
appendix. The functional form of the utility function is that of constant relative risk
aversion, as mentioned earlier. We used three different values for the degree of relative
risk aversion; namely 0.5, 1 and 3. We believe this reflects a reasonable range as
suggested by the empirical and experimental literature on risk-taking under uncertainty
(see Blake, 1996).

Finally, we use a benchmarking exercise to determine the parameter “a” for the

death state utility function, v(x) = a-u(x). The purpose of this exercise is to find a utility

function so that the “average consumer” of insurance buys that amount of insurance,
when offered at the actuarially fair rate, so that the household’s standard of living
remains unchanged should she die and her income be lost to the family. If insurance is
priced higher than the actuarially fair rate, which happens in the presence of adverse
selection for individuals who test negative for the BRCA1/2 genes, then demand is less.
Details of how these values are calculated for individuals from families with different
size and composition are provided in the appendix.

Notice in Table 1 that for most risk categories there are very few observations.
Thus, for each risk group we simulate the insurance market based on socio-economic
information of all 700 observations available rather than use only the individuals in each
group. As long as socio-economic information is not correlated with risk factors (i.e.,
family background of the woman with respect to breast cancer incidence), this process is
not of concern. To check on this we did separately simulate the market for each of the
risk categories 1, 2, and 4 using only the observations from their respective groups rather
than the entire set of observations. We obtained qualitatively similar results.

Below we describe each of the five sets of simulations we do, which we refer to
as modules 1 through 5. Each module refers to a different information scenario regarding
whether individuals have taken genetic tests and whether insurers are banned from using
genetic test results in rate-making. In each module we compute the efficiency gain from
insurance by comparing the per capita compensating variation (CV) that results from the
opportunity to purchase insurance in the given information scenario. That is, we compute
the value of CV that equates the utility an individual would receive with no insurance

(and no genetic test information) to expected utility if insurance is available (conditional

12



on a given information scenario) with income in both states of the world reduced by
amount CV. Note that insurance availability always leads to a higher expected utility
level and so for all of our modules, or information scenarios, the per capita CV will be
positive. It is the difference in the levels of the per capita CV, however, that we use to
compare the relative efficiency of the market in the different modules. In particular, this
allows us to determine a measure of inefficiency due to adverse selection for the case in
which insurers are banned from using genetic test results for rate-making.

Another measure that is often reported as a measure of the impact of adverse
selection is the amount by which the price of insurance rises, relative to the average

probability of death (also the population weighted actuarially fair price), due to adverse

selection. We also report this value for each risk group (i.e., A/ /p ; for each group j

where A/ is the equilibrium price under adverse selection).”

We now describe more formally the five modules or information scenarios. In all
cases insurance companies are assumed to observe and be allowed to use family
background information in their pricing behaviour. Thus, the only difference between

modules involves genetic tests.

MODULE 1

Individuals have no genetic test information.

In this case the price of insurance is actuarially fair according to family background; i.e.,
A=p,j=1 2 .. 13. There are 13 risk groups, hence 13 different prices. This case
provides an interesting benchmark with which to compare our other results. Moreover, it
reflects well from an informational perspective the existing insurance market since few

people now currently obtain genetic test results.

MODULE 2
All individuals obtain genetic tests and insurance companies are allowed to use this

information in setting prices (i.e., in addition to family background information).

13 Note that Ao/p; =1 if there is no adverse selection.

13



Again, from individuals’ perspectives the price of insurance is actuarially fair. However,
within each of the family background groups, j = I, 2, ..., 13, there are now two prices.

One price applies to those who test positive for having one of the BRCA1/2 genes, in

which case 4 =p7”, while a second price applies to those who test negative (i.e., 4

=p;®). The fraction of individuals who test positive, ¢, depends on family background

and so we write g; to represent this fraction for individuals from risk (family background)
group j, j = 1, 2, ... ,13.'"*  Thus, this scenario reflects a situation in which each
individual knows whether she has one of the breast cancer genes BRCA1/2 and insurers

are also privy to this information.

MODULE 3

All individuals obtain genetic tests and insurance companies are Not allowed to use this
information in setting prices.

Since we presume in this scenario that every individual obtains information about
whether or not she has one of the BRCA1/2 genes and that insurers are not allowed to use
this information for rate-making purposes, then this case represents the maximum
possible effect of private information on adverse selection costs created by this genetic
test and a ban on its use.

Pricing is not so straightforward as in the previous two modules as, ceteris
paribus, a person who tests negative will want to reduce her purchases of life insurance
while a person who tests positive will want to increase her purchases. Thus, the price that
persists will be higher than the population weighted death probability (i.e., 2. > p). The
price 4., which is referred to as the average clientele risk, is determined according to a
specific application of equation (11). In the context of the information set for this
module, this means finding the minimum value of A that satisfies equality of expected

total revenue (ETR) and expected total cost (ETC) for each of the 13 risk groups (j = 1, 2,
.., 13). We will denote this value by A/ . Thus, letting n; represent the number of

individuals in risk group j and indexing these individuals by index 7, (i = /, 2, ..., nj) and

4 Obviously the fraction that test negative is / — q;-

14



g; the probability that any individual in this risk group is determined by the genetic test to
be carrying one of the BRCA1/2 genes, we have:'”

ETR(A) =2 -2 lq; - L'(p?” A +(1—q;)-L'(p}*, )] (12)
i=1

ETC(Z) = [q; p” -L'(pi™,A)+(1=q,) pi - L'(p}, 2] (13)
i=1

As discussed in section 2 (Theoretical Model) we know some such value
A e( p;¢,p)”] exists. To compute this value we simply begin with the value 4 = p’*

and increase it in “small increments” until ETR = ETC. We know that high risk types

(i.e., those who test positive) will purchase more insurance than will low risk types (i.e.,

those who test negative), and so A= p ™ will generate negative expected profits

(ETR<ETC). For A= p?” we will have ETR>ETC as long as at least one person who

tests negative buys some positive amount of insurance, otherwise ETR=ETC. Since all
functions that make up ETR and ETC are continuous in the price 4/, a minimum price
that establishes equality between ETR and ETC (i.e., zero expected profits) must exist and
so be found (approximately) by our iterative method. Of course, it is possible that all

those who test negative will be driven out of the market and we end up with A/ = p "

If, however, at least some persons who test negative would purchase insurance in

equilibrium, we will have p7* < A< P

MODULE 4

In this module, information is again asymmetric, as individuals can obtain a genetic test
and insurance companies cannot ask for the results. However, not all individuals obtain
a genetic test. We consider two cases: in the first case we assume that only 5% of
individuals take a genetic test while in the second case it is assumed that 20% obtain a

genetic test.

1 As earlier, we suppress the variables a;, Y, K;, in L' ()
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The structure for price determination is essentially the same as that of Module 3 except
that insurance companies, when they calculate 4 for each group, now take into account
that only 5% (20%) will know their true genetic status, hence only 5% - ¢ (20% - q) will
actually know that they are a high risk type. As mentioned earlier, these cases we
believe are more realistic scenarios for the near-term future as the cost of obtaining a
genetic test for the BRCA1/2 gene is very high and so it may well be the case that only a
relatively small fraction of the population will take such a test in the near-term future.
With fewer people holding private information in this module, relative to Module 3, we

expect and find a smaller adverse selection effect.

MODULE 5

In this module, information is again asymmetric, as individuals can obtain a genetic test
and insurance companies cannot ask for the results. We consider the specific case in
which 20% of individuals take a genetic test. Although insurance companies cannot ask
for test results, we assume that those who test negative may present their test result to the
insurer in order to obtain an actuarially fair (lower) insurance premium.

This module reflects the possibility, allowed by some regulatory regimes, for insurers to
accept negative test results and price accordingly but not to allow insurers access to

positive test results. Thus, those who test negative, and who make up 20%-(1-q) of the
population within a risk group, will receive price 4 = p’®. Those who test positive will
be pooled with those who remain uniformed. Insurance companies offering insurance to
those in this pooled group face a group composed of fraction 20% - ¢ who are informed
that they have death probability p?* while the uninformed (composed of 80% of the
population within the overall group) will have death probability p;. The extent of adverse
selection for this pooled group is in fact worse than in Module 4 when 20% of people get

tested because nobody who tests negative will be in this group (i.e., only uninformed

individuals and those who test positive form this pool).

For each of the modules we compute the compensating variation (CV) of the

insurance opportunity implicitly by equating expected utility with no insurance, EU,,, to
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expected utility with insurance but with an amount of income taken away (CV) in both

states of the world. Thus, we have for all modules:'¢
EUJ, = (1= p,)u(K +Y)+ p v(K) (14)
The precise method of determining CV varies across the modules since individuals hold

different information sets. In Module 1 individuals within each risk group face the same

probability of death and so CV is determined according to:

EU(CV))=(1-p u(K+Y -AL-CV')+ p (K +(1-A)L-CV’')=EU,, (15)

where L is the optimal amount of insurance demanded. In Modules 2 and 3 we determine
separate values for the CV for those who test positive and for those who test negative. In
Module 4 we determine the CV for three types; namely those who test positive, those who
test negative, and those who don’t test at all. A similar process is applied in Module 5

noting that those who test negative are not pooled with the others and they receive

price 4 = p;*. In each Module we compute the per capita CV value and use this as our

relative measure of efficiency. Note that the per capita CV in each Module is based on
the same benchmark value of expected utility with no insurance. This is important since
if one were not to do this one would be led to rather odd conclusions. For example, if
suddenly the probability of death were to become zero for all individuals, an admittedly
unrealistic scenario, the willingness to pay for insurance would become zero. But this of

course does not mean people become worse off."”
4. RESULTS

In this section our results, which we present in detail, are based on the elementary utility

functionu(x) =In(x). In section 5 we provide a summary table of the results obtained

from using the other utility functions mentioned earlier.

' We suppress individual subscript i whenever doing so doesn’t lead to confusion.

"7 We also computed the equivalent variation for the insurance market opportunity.
Although we do not report these values here, we obtained qualitatively similar results.
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The average amount of insurance purchased, and the participation rate, does not
vary much across risk groups in Module 1. In each of the risk categories 70.3% of
women purchase insurance and, among those who participate in the market, average
demand for insurance varies between 390,400 and 390,900 across the risk groups, which
implies an average replacement rate of 45% (i.e., women who purchase insurance on
average buy an amount which would replace 45% of their income for their family’s use

should they die).

In Module 2 individuals continue to face actuarially fair prices, although of course
those who test positive face a higher price reflecting their correspondingly higher
probability of death. Since only 0.1% of this risk group would test positive, the
probability of death changes very little for those who test negative relative to the pooled
probability from Module 1. Not surprisingly, those who test negative have very similar
demand behaviour as they would in Module 1. Those who test positive demonstrate a
slight rise in the amount of insurance, varying from 394,200 to 398,900 across risk
groups, for an average replacement rate of 45.5%. Thus, although a state contingent
utility function allows for the amount of insurance to vary as the probability of death
varies, even under the assumption of risk-type specific actuarially fair pricing, we see that
demand behaviour is quite stable for the range of variations in p that is relevant to our
scenarios. We also find that the introduction of information concerning whether an
individual has or does not have one of the BRCA1/2 genes does not change insurance
buying behaviour very much as long as insurers are allowed to use this information for

rate-making purposes.

In Table 2 below we provide the per capita compensating variation value of the
insurance market for each risk group for both Modules. Two patterns are of interest.
First, the value of the insurance market opportunity is higher the higher is the probability
of death within each of these modules, which is not surprising. Also, for a given risk
group, the per capita CV is slightly higher in Module 1 than in Module 2. The reason is
that, although under symmetric information there is no loss of efficiency due to adverse

selection in Module 2, there is premium risk associated with the introduction (and use by
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insurers) of genetic test results. Since g; is very small, it is not too surprising that this

premium risk reduces welfare as measured by the C¥ value only by a small amount.'®

Table 2: Per Capita CV for each risk group for Modules 1 and 2

Group  Per Capita CV Per Capita CV

Module 1 Module 2
1 4,017.3 4,016.8
2 4,018.3 4,017.6
3 4,048.1 4,047.5
4 4,050.4 4,046.8
5 4,053.4 4,052.8
6 4,054.4 4,052.6
7 4,073.1 4,072.8
8 4,078.3 4,077.3
9 4,114.7 4,109.6
10 4,124.9 4,122.6
11 4,186.9 4,184.5
12 4,646.1 4,633.1
13 4,950.1 49324

MODULE 3

Recall that Module 3 represents our scenario with the greatest potential for adverse
selections costs. All individuals are presumed to obtain genetic test results and insurers
are not allowed to use that information to risk-rate insurance policies. The result is that
those who find that they are lower risk types (i.e., test negative) reduce their insurance
purchases while those who find they are higher risk types (i.e., test positive) increase
insurance purchases. Table 3 shows the pooled price for each risk type within each risk
group (i.e., as defined by family background which is still used in risk-rating). In risk
groups 1 and 2 the ratio p’*/p"“® is substantially lower than for the other groups.
Moreover, the fraction of individuals who would test positive is only 0.001. For these

two categories (j=1,2) the impact of adverse selection is to increase the price to a level

'8 Notice from Table 1 that, roughly speaking, ¢ increases through the risk categories 1 to
13, as does the reduction in CV associated with moving to the scenario of Module 2. In
other words, the efficiency loss due to premium risk is increasing in g.
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only 1.5% above the population weighted actuarially fair price (or probability of death).
The price increases more for groups 3 — 13, rising to a substantial price increase (relative

to the average price in Modules 1 and 2) of almost a factor of 3.

Table 3: Price Effects of Adverse Selection from Module 3

Group p Preg Ppos A Ap
1 0.017340 0.017309 0.048413 0.017609 1.015513
2 0.017344 0.017313 0.048417 0.017613 1.015510
3 0.017476 0.017269 0.086038 0.021469 1.228484
4 0.017483 0.017208 0.086037 0.023208 1.327460
5 0.017494 0.017287 0.085975 0.021487 1.228249
6 0.017500 0.017294 0.085982 0.021494 1.228228
7 0.017584 0.017240 0.086009 0.025140 1.429708
8 0.017608 0.017195 0.086005 0.027095 1.538788
9 0.017769 0.017219 0.086018 0.030519 1.717541
10 0.017814 0.017194 0.086017 0.032194 1.807230
11 0.018088 0.017193 0.086000 0.038093 2.105987
12 0.020125 0.017165 0.086007 0.057565 2.860394
13 0.021480 0.016994 0.086010 0.063495 2.955983

Not surprisingly, looking at average insurance purchases by lower and higher risk types
within these risk groups displays an expected pattern with average demand by lower risk
types (i.e., those testing negative) falling drastically compared to Modules 1 and 2 for the
higher risk groups.. The participation rate for those who test negative for the BRCA1/2
genes in risk group 13 falls from 70.3% in Modules 1 and 2 to 21.3% in the presence of
adverse selection. Moreover, for those who test negative and continue to purchase
insurance, their replacement rate falls from 45% to 12.4%. These results are summarized
in Table 4 below. Note that, conversely, those who test positive have a revised
probability of death which implies insurance is priced at less than the actuarially fair
price. As a consequence, these higher risk types within each risk category purchase more
insurance than they would have under risk-type specific actuarially fair pricing. Their
replacement rates range from 0.92 to 7.2, implying substantial degrees of over-insurance

in some cases. Of course, even those who test positive for life insurance are not
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insensitive to price and so even though the ratio p”*/p"*® is very large for risk groups 12
and 13, the fact that participation in the insurance market by those who test negative is
very low leads to a relatively high price and a lower degree of over-insurance by those

who test positive.

Table 4: Demand Effects of Adverse Selection in Module 3

Group Test Group  Avg. AmtLD  Avg. Replacement Rate % with LD >0

1 Low (NEG) 394277 0.450 66.6
2 394,281 0.450 66.6
3 310,818 0.343 50.1
4 275,499 0.305 46.4
5 310,969 0.344 50.1
6 311,027 0.344 50.1
7 252,096 0.281 423
8 265,009 0.298 34.0
9 221,125 0.255 32.4
10 209,723 0.245 30.7
11 172,809 0.212 26.9
12 109,843 0.145 213
13 94,405 0.124 213
1 High (POS) 2,003,352 4.120 100.0
2 2,002,950 4.119 100.0
3 3,346,135 7.198 100.0
4 3,036,453 6.490 100.0
5 3,339,541 7.183 100.0
6 3,338,551 7.181 100.0
7 2,741,281 5.814 100.0
8 2,486,171 5.230 100.0
9 2,118,326 4388 100.0
10 1,966,416 4.040 100.0
11 1,536,431 3.055 100.0
12 749,960 1.236 98.4
13 622,562 0.920 95.3

In Table 5 we show the per capita CV computations for each risk group associated
with the insurance market opportunity when adverse selection is present. Not

surprisingly we find a reduction in per capita CV in comparison to that in Module 2 in
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which insurers are allowed to risk-rate according to genetic test results. The loss in
market efficiency is, roughly speaking, greater for those cases where adverse selection

has a greater effect on price.

Table 5: Per Capita CV for each risk group for Module 3

Group Per Capita CV

1 3,963.2
2 3,964.0
3 3,395.3
4 3,185.9
5 3,400.1
6 3,394.7
7 3,027.7
8 2,867.5
9 2,673.0
10 2,593.8
11 2,380.1
12 2,389.2
13 2,669.6

Notice that for risk groups 1 and 2, where the price increase due to adverse selection is
about 1.5%, the loss of efficiency (relative to Module 2) is modest at approximately
1.3%. The loss of efficiency, however, rises to as much as 43% for risk group 11. This
comparison across risk groups demonstrates that one needs to consider separately
different risk groups according to family background when measuring efficiency effects

arising from a ban on insurers using genetic test results for risk-rating purposes

MODULE 4

In this module we reconsider the effects of adverse selection when less than 100% of the
population obtains genetic test results. In particular, we examine the cases for x = 5%
and x = 20% of the population obtaining such information. This means that a substantial
proportion of the population remains uninformed about their genetic type and so with

fewer individuals knowing they are high risk types, the impact of adverse selection is not
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as great as it was for Module 3. Below we compare the effect on price of adverse

selection of these three experiments.

Table 6: Price Effects of Adverse Selection from Module 4

Group AMp AMp AMp
(x =5%) (x=20%) (x=100%)
Module 3
1 1.001096 1.002826 1.015513
2 1.001096 1.002825 1.015510
3 1.011044 1.039654 1.228484
4 1.012870 1.052908 1.327460
5 1.011032 1.039657 1.228249
6 1.011086 1.039657 1.228228
7 1.014559 1.065742 1.429708
8 1.021978 1.078771 1.538788
9 1.025325 1.104114 1.717541

10 1.026945 1.116762 1.807230
11 1.038976 1.177189 2.105987
12 1.101366 1.528695 2.860394
13 1.135661 1.666390 2.966983

Not surprisingly, the results in Table 6 demonstrate that reducing the fraction of privately
informed individuals reduces the degree of adverse selection as indicated by the extent to
which the equilibrium price exceeds the population weighted probability of death (i.e.,
the ratio A/p). Similarly, it is not surprising that the demand effects also are less when a
smaller fraction of insureds are privately informed. The comparative results on demand
effects from cases in Modules 3 and 4 are summarized in Table 7 below. Also, the loss
of efficiency as measured by the per capita CV measure (Table 8) is less when a smaller

fraction of the population holds private information about risk type.
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Table 7: Ranges of Demand Effects for Modules 3 and 4

Module Test Status ~ Average Replacement Rate % with LD >0
Group 1 Group 13 Group 1 Group 13
3 Negative 0.450 0.124 66.6% 21.3%
Positive 4.120 0.920 100% 95.3%
4 (x=20%)  Uninformed 0.448 0.282 69.7% 32.6%
Negative 0.445 0.223 69.7% 27.6%
Positive 4.201 3.401 100% 100%
4 (x=5%)  Uninformed 0.450 0.346 69.7% 63.1%
Negative 0.444 0.291 69.7% 42.3%
Positive 4.212 6.061 100% 100%

Table 8: Per Capita CV for each risk group for Module 4

Group Per Capita CV Per Capita CV

(x=5% tested) (x=20% tested)
1 4,016.0 4,009.4
2 4,016.6 4,010.8
3 4,007.8 3,909.4
4 4,004.5 3,865.5
5 4,011.4 3,913.1
6 4,013.1 3,913.1
7 4,022.2 3,846.3
8 3,996.2 3,810.7
9 4,022.4 3,768.4
10 4,028.3 3,743.6
11 4,045.7 3,632.5
12 4,274.5 3,310.9
13 4,442.3 3,343.5
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MODULE 5

In this module we reconsider the effect of a regulation that (i) allows individuals who
have had a negative test result to present that result to an insurer and to receive a
corresponding actuarially fair price but (ii) prohibits insurers from asking those with
positive test results to disclose them. We consider one of the cases of Module 4 (i.e.,

20% of the population obtains a test). Thus, only those who test negative will declare
their test results and, as noted above, these people receive price 4 = p . Those who test
positive keep this information private and are pooled with the uninformed consumers,
thus creating an adverse selection scenario which will be more intensive than in the

similar situation in Module 4, as described earlier. The comparison of the extent of

adverse selection in this case and with that of Module 4 is illustrated in Table 9 below.

Table 9 Price Effects of Adverse Selection from Modules 4 and 5

Group Ap AMp
(x =20%) (x=20%)
Module 5 Module 4
1 1.003403 1.002826
2 1.003402 1.002825
3 1.051099 1.039654
4 1.070068 1.052908
5 1.051046 1.039657
6 1.051086 1.039657
7 1.082802 1.065742
8 1.101488 1.078771

9 1.137880 1.104114
10 1.156057 1.116762
11 1.232474 1.177189
12 1.647951 1.528695
13 1.782779 1.666390

Thus, adverse selection conditions are in a sense worsened by allowing people who test
negative to have their test results used to reduce their insurance price and this is relatively

more important for higher risk groups. Although we don’t present the results here, not
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surprisingly people in these adverse selection scenarios purchase less insurance coverage.

neg

However, those who do test negative and receive price 4 = p’ avoid adverse selection

altogether and are clearly made better off by the opportunity provided by a regulation that

allows people the freedom to present negative test results to the insurer.

We see from the above computations from the various modules that the smaller
the fraction of the population that takes genetic tests, and hence the smaller the fraction of
the population that holds private information about their risk type, the less the impact of
adverse selection. This holds regardless of whether one looks at demand effects (i.e.,
price effects and quantity demanded effects) or our efficiency measure based on the CV
value. Although this is hardly surprising, we believe the exercise provides at least some
rough sense of how important the size of this particular parameter is from a regulatory
perspective. This is especially true if one were to consider the potential availability of
genetic tests for a wide variety of diseases which have some significant impact on
longevity. For this reason, a moratorium on insurers using genetic test results to risk-rate
life insurance policies may make sense for the short run given the counter-arguments
concerning use of this information. Given the greater difficulty to change legislation than
to review terms of a fixed-term (renegotiable) moratorium, we believe that legislation
banning insurers from using genetic test results is too inflexible a response to the
justifiable concerns about the potential use of this information because of the possibility

that adverse selection costs could eventually become quite important.

5. SENSITIVITY ANALYSIS

A more detailed description of results from various changes in our assumptions is
available in a technical appendix. However, due to its length it is not included here.
There are many assumptions which deserve attention from the point of view of sensitivity
analysis. Perhaps chief among these is the accuracy of the probabilities used to
determine likelihoods of getting cancer for women of different family backgrounds and
whether they have one of the BRCA1/2 genes. Also important is the determination of the

10-year survival rate for women diagnosed with cancer and the fraction of women,
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conditional on family background, who are assumed to have one of the BRCA1/2 genes.
However, simply by the fact that we have a wide variety of such probabilities across our
family backgrounds provides a good sense of how sensitive operation of our life
insurance model is to these factors. We see that the level of insurance demanded in our
model is not very sensitive to the probabilities of death (and hence, indirectly of getting
cancer) when symmetric information applies.

However, as ¢, the fraction of individuals in the risk group (as determined by
family background) to have one of the BRCA1/2 genes varies across these groups, we
can see significant sensitivity as to how the impact of adverse selection is realized in the
insurance market. This is also true for the relative size of the probabilities of death for
those with and without one of the BRCA1/2 genes (i.e., the ratio p”*/p"“®). The insurance
market behaviour under adverse selection is also very sensitive to the proportion of
individuals in a risk group who obtain information from genetic testing. In fact,
identifying these sensitivities is, we believe, the main contribution of this paper.

For our presentation of results in Section 4, we assumed the particular elementary
utility function representing constant relative risk aversion (CRRA) preferences with
degree of risk aversion of one (i.e., the logarithmic utility function). We also used
constant relative risk aversion utility functions with degrees ' (i.e., less risk averse) and
3 (i.e., more risk averse). In terms of insurance market behaviour under symmetric
information a lower degree of risk aversion leads to a lower demand for insurance and a
lower value, in terms of CV, for the insurance market opportunity. By comparing the
results of Module 1 for these three assumptions on risk preferences, we do indeed find
this to be the case. Most significant, perhaps, is the fact that the value of insurance is

significantly affected by our assumption about the degree of risk aversion.

Table 10: Demand Sensitivity to Choice of Risk Preferences (Module 1)

Degree of CRRA % participation Ave. Demand Per Capita CV
CRRA =" 44.9 252,500 to 253,100 625 to 768
CRRA =1 70.3 390,400 to 390,500 4,017 to 4,950
CRRA =3 82.7 581,900 to 582,200 37,250 to 41,700
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When an individual faces an actuarially fair price for life insurance the “rule” that
determines optimal insurance demand is to purchase that amount of insurance that
equates marginal utility of income across states of the world (i.e., the life and death
states).'” Another important implication of the degree of risk aversion is that when price
varies from the actuarially fair rate, the higher is the individual’s degree of risk aversion
the less an individual wishes to deviate from the “rule” that determines demand when she
is faced with the actuarially fair price. Thus, one might expect that when information is
asymmetric and adverse selection occurs, the ultimate equilibrium price will be higher
(i.e., the greater will be the impact of adverse selection on price) the lower is the degree
of risk aversion. The reasoning can be explained by considering what happens in the
thought experiment when we increase the price of insurance from the population
weighted probability of death in order to cover the cost of adverse selection (i.e., to arrive
at a price so that firms earn zero expected profit rather than negative expected profit). As
the price rises, the low risk types who have tested negative for the gene tend to reduce
their purchases of insurance, thus creating a wedge between the state-contingent
consumption levels that would equate marginal utility of income across states. But the
more risk averse they are the less willing are they to do this. So they don’t decrease
demand for insurance as much as they would if they were less risk averse. For those who
test positive and so recognize they are higher risk types, the converse applies. They
purchase more insurance than under symmetric information because the price is
favourable relative to their higher perceived probability of death. Thus, they over-insure
and their final consumption vector across states of the world represents a wedge relative
to that consumption vector that would equate marginal utility of income across states.
The extent to which they are willing to over-insure is weakened by being more risk
averse and so they respond less in terms of increased demand for insurance than if they
were less risk averse. Both of these effects will reduce the impact of adverse selection on
the resulting price of insurance (i.e., the fact that greater risk aversion leads to less flight
from insurance by low risk types and less over-insurance by high risk types). The results

in Table 10 demonstrate this effect.

' This is a straightforward implication of the fundamental theorem of risk bearing .
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Table 10: Impact on Adverse Selection from Choice of Risk Preferences (Module 3)

Risk Group Mp Mp Mp

CRRA =" CRRA =1 CRRA =3
1 1.090484 1.015513 1.003979
2 1.090463 1.015510 1.003978
3 4.925040 1.228484 1.022488
4 4.925298 1.327460 1.035749
5 4.915285 1.228249 1.022465
6 4.914000 1.228228 1.022514
7 4.893141 1.429708 1.042994
8 4.889595 1.538788 1.050375
9 4.841015 1.717541 1.064719
10 4.832996 1.807230 1.071853
11 4.759725 2.105987 1.099790
12 4.276567 2.860394 1.285217
13 4.008142 2.955983 1.396368

6. SUMMARY AND CONCLUSIONS

In this paper we have developed simulations of the market for 10-year term life
insurance targeted at women aged 35 to 39 under various information and regulatory
scenarios concerning genetic testing based on the BRCA1/2 genes. We first generate
benchmark results (Module 1) based on a model of rate-making in which genetic test
results are not available to either insured or insurers but insurers have access to and use
relevant family background to establish risk groups. In particular, we compute the
compensating variation (CV) measure of the opportunity to insure in this environment for
all women in the model. We then introduce information, available to both insureds and
insurers, about genetic test results for the BRCA1/2 genes for all individuals (Module 2).

Under the assumption that insurers are allowed to use this information to risk-rate
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insurance policies, this results in separate premiums for those who test positive and those
who test negative within each risk group, as determined by family background. The per
capita CV is computed for this scenario as well and turns out to be slightly lower than that
for Module 1. This result reflects the fact that in Module 2 individuals face premium risk
in comparison to the single premium charged in Module 1.

In Module 3 we simulate the insurance market when 100% of consumers have
genetic tests for the BRCA1/2 genes and that insurers are banned by regulation (or
mutual agreement) not to use this information to risk-rate premiums. The resulting
impact of adverse selection is captured in a number of ways. For each family background
risk group we consider (1) the effect on demand for life insurance according to whether
individuals test positive or negative for one of the genes, (2) the overall effect on the
price of insurance in relation to the population weighted actuarially fair price of
insurance, and (3) the effect on the per capita CV value of the insurance market
opportunity. We find that for each of these criteria, the impact of adverse selection varies
substantially across family background risk groups. This is because, roughly speaking,
women with a stronger history of family members having had breast or ovarian cancer
are more likely to test positive for one of the BRCA1/2 genes and so this enhances the
impact of adverse selection on the market. Our analysis demonstrates the importance of
considering separately the various risk groups as defined by family background when
estimating or simulating the impact of a regulation banning insurers from using genetic
test results.

In Module 2, where symmetric information prevails, 70% of women buy life
insurance, and the average amount is very similar across risk types (from approximately
395,000 to 400,000).”° In Module 3 we saw that the size of the effects of adverse
selection can be quite substantial. Adverse selection leads to price increases ranging
(across risk groups) from 1.5% to almost a tripling in the price for insurance. The result
is that those women who discover they are lower risk types as a result of testing negative

for the BRCA1/2 genes end up participating less in the life insurance market (from 67%

20 The participation rate and average amount of insurance purchased is very similar in
Modules 1 and 2, suggesting that the effect of genetic testing when information is
symmetric will not change insurance buying behaviour very much, although there are
significant price differences according to genetic test results.
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in Groups 1 and 2 to only 21% in Groups 12 and 13). For those who do purchase life
insurance, the average amount purchased drops slightly to 394,300 (Group 1) to a
substantial drop to $94,400 (Group 13). For those who test positive, all individuals
purchase life insurance, except in groups 12 and 13, where 98% and 95% do. The
average amounts purchased are much higher when individuals know that they are high
risk, ranging from $622,500 to over $3 million.

The loss of efficiency due to adverse selection, as measured by the reduction in
per capita CV in moving from modules 2 to 3, tends to rise as ¢ rises (the proportion of
individuals in the population that will test positive) and also as the ratio p’”/p"* rises
(i.e., the difference in the probability of death between those who test positive and those
who test negative). This is because the price distortion caused by higher risks buying
more than lower risks rises in these circumstances. The range in the reduction of per
capita CV caused by adverse selection is from less than 2% (for risk groups 1 and 2) to
over 40% (for higher risk groups).

In Module 3 it is assumed that 100% of women know their genotype in terms of
the BRCA1/2 genes. This is most likely too large a fraction even for the near-term future
as the cost of this test is very high. Therefore, in Module 4 we assume two cases of only
a fraction of women obtaining this information, 5% and 20%. In these cases the impact
of adverse selection is indeed substantially smaller. We also considered (in Module 5)
the effects of a regulation that allows those who obtain genetic tests and test negative to
provide their results to the insurance company in order to obtain a “discount” while those
who test positive are allowed to keep this information private and so get pooled with
uninformed individuals. The result of this scenario was an overall efficiency effect that,
although not very large, did imply less overall efficiency than if insurers were not
allowed to use any test results, whether positive or negative, for risk-rating purposes. Of
course, the option in such a regulation did improve welfare of those who test negative.

We do not think that our study should on its own be considered sufficiently
comprehensive as to provide an answer to the question of whether life insurers should
have access to insurance buyer’s genetic test results. There are many aspects of genetic
privacy besides the efficiency effects resulting from adverse selection. However,

considering the efficiency effect of adverse selection should be a component of a general
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policy discussion concerning genetic privacy. Our simulation exercises suggest that at
least for some family background types, if a sufficiently large fraction of women were to
become informed about whether they have one of the BRCA1/2 genes, the efficiency
effects may be quite substantial. If one were to consider the possibility of insurance
buyers being informed about a wide range of genetic test results which have significant
impact on mortality, then this concern would be reinforced. On the other hand, if the
fraction of informed individuals is quite small our results suggest that the efficiency
effects may well be quite low. Thus, the establishment of reasonably short moratoria
(e.g., 5 years) on the use of genetic test results by insurers, with a review of the situation
at the end of said moratoria before renewal is considered, seems to us a reasonable
response to this controversy. In this way if the possibility of significant adverse selection
costs from genetic privacy should arise over time, then such a stance could be
reconsidered and alternative means of dealing with the equity issues revolving around the

so-called genetic underclass could be considered.
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Technical Appendix to
Welfare Effects of Banning Genetic Information in the Life Insurance Market:
The Case of BRCA1/2 Genes

Appendix A: Data Set and Construction of Variables
THE DATA SET

We use the National Population Health Survey (NPHS) 1999 Health Component Data
Set, with n=703 females aged 35-39 to construct our variables. Included in the data set is
detailed health information, including family background of breast and ovarian cancer.
As described below some data is provided in group format and we constructed individual
data as best as possible. For example, we chose as the actual individual income and
household income the mean of the grouped income category to which each individual
observation was assigned. For income in the highest groups ($80,000 and up for
household income, $60,000 and up for individual income), we referred to the distribution
in the NPHS Master File, where actual income is declared, and set those categories to
their medians ($100,000 for household income, $75,000 for individual income). (NOTE:
Unfortunately we could not access much of the family background data from the master
file and so the public use version of the data had to be used.)

CALCULATION OF 10 YEAR CUMULATIVE DEATH PROBABILITIES

Since the object of the exercise is to simulate the market for 10 year term life insurance
for women aged 37 at time of purchase, we compute (estimate) 10-year cumulative death
probabilities from all sources including death from breast cancer.

To calculate p (the probability of death) the NPHS family history information concerning
(1) whether the woman’s birth mother ever had breast and/or ovarian cancer; (ii), if so,
was it the cause of her death; and (iii) whether the woman had a sister who had breast
and/or ovarian cancer. To calculate p according to these possible family histories we
used the CancerGene program, and within that, used the “BRCAPRO™' results to
determine 10-year probabilities of getting breast cancer, ovarian cancer, and the
probability of being BRCA1/2-positive conditional on family history. Accordingly we
developed 13 risk groups, corresponding to the different family backgrounds of
individuals in the data set. To calculate the risk of death, the excess mortality from being
at risk for breast cancer was calculated and added to the 10-year average mortality rate
from all causes other than breast cancer. The CancerGene program uses information

2 BRCAPRO is a program that uses BAYES’ rules of determination of the probability of
a mutation and the probability of risk of breast cancer stratified by age, given family
history. An estimate of the mutation frequencies in the normal and Ashkenazi Jewish
populations provides the probability of the mutation in the proband prior to the
ascertainment of family history. For a detailed discussion on the methodology see
Parmigiani ,et. al. (1998).
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about family members to calculate an individual’s risk of developing breast and ovarian
cancer, and the probability of being BRCA1/2 positive. It requires some input on the
physiology of the breast cancer, which was not available from the NPHS data set. We
assumed that any breast cancer in the family was unilateral (as opposed to bilateral); this
will quite significantly underestimate the 10-year risk of developing breast cancer if the
affected family member really had bilateral breast cancer (this could lead to an up to 4-
fold increase in risk for these individuals). The data set did not specify the number of
sisters that an individual has; hence we assumed one sister, if the individual had “sisters”.
The sister’s age was assumed to be 39, the mother’s age was assumed to be 66, if alive.
Only mother and sister (if present) were entered into the program since no breast and/or
ovarian cancer history could have been obtained for male family members (e.g. father’s
sister, father’s mother, and so on). If breast cancer was present in the family, the program
also required to know the presence of other cancers. Since we had no information about
this, we assumed that there weren’t any. To find the same probabilities for individuals
that are BRCA1/2 positive (the “high risk groups”), all family members that were entered
into the program (mother and possibly sister) were assumed to have been tested for the
BRCA gene, and found to be positive (on 182 delAG). Finally, no one was assumed to
be of Ashkenazi Jewish background (since this information was not obtainable from the
NPHS public use file), and that would underestimate the frequency of BRCA1/2 positive
individuals for this group.

There was also insufficient detail in the NPHS data set about ages of affected family
members, if any, for precise use of the program. Thus, the following additional
assumptions were made. If the mother had experienced breast cancer, it was assumed she
did at age 58 (if after age 50) or at age 40 (if before age 50). Likewise, ilf the mother had
ovarian cancer, it was assumed she did so at age 66 (if after age 50) or at age 36 (if before
age 50). If the sister had breast cancer, it was assumed she had it at age 37; if the sister
had ovarian cancer it was assumed she had it at age 35. This is the family history
information that was entered into the CancerGene program with 13 sets of probabilities
being computed. The description of these risk groups, defined by alternative family
background is described in the following table:
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Table A.1 Family History Information

Group Mother Mother  Mother Mother Cause Hasa Sister Sister

# had BC had BC had OC hadOC of Sister BC ocC

after 50  before after 50 before Death ? (age (age
(58) 50 (40) (66) 50 (36) BC? 37) 35)

1 n y

2 n n

3 y n y

4 y n y

5 y n n

6 y n n

7 y n y

8 y n n

9 y n y

10 y n n

11 n y y

12 y n y y

13 y y n y

The following probabilities were obtained for each group, including the probability of a
woman with her specific family background having one of the BRCA1/2 mutations.

Table A.2 Cancer Probabilities for Various Family Background Groups

Prob. Of  Prob of

Group BC BRCAL1/2
# (next 10 Mutation
years) present

0.012682 0.001000
0.012700 0.001000
0.013242 0.003000
0.013271 0.004000
0.013315 0.003000
0.013339 0.004000
0.013686 0.005000
0.013786 0.006000
0.014449 0.008000
0.014633 0.009000
0.015761 0.013000
0.024145 0.043000
0.029722 0.065000

©oO~NOOTA~WNPRE
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To get the high risk probabilities (i.e., for those with one of the BRCA1-2 mutations), the
exact same family history information was entered for each group, but this time, the
CancerGene program was told that the person had a genetic test, and that it was positive.
Also, it was assumed that the mother had a positive genetic test (since BRCA mutations
are identified through existing mutations in a family member), and that the sister (if
applicable) had also tested positive. From these probabilities ("), and the “gross”
probabilities (p; i.e., the probabilities of getting breast cancer unconditional of mutation
status), and the ¢’s (i.e.; the probability that an individual would test positive for a
mutation), we can use the identity
p=p""q+p"(1-q)

to determine the probability p"® (i.e.; the probability of getting breast cancer over the
next 10 years conditional on a person obtaining a genetic test and testing negative). The
results of these computations are provided in the following table:

Table A.3 Probabilities of Breast Cancer According to BRCA1/2 Status

Group Prob of Prob of
# BC given BC given
BRCA1/2 BRCAL1/2

positive  negative

1 0.140765  0.012554
2 0.140766  0.012572
3 0.295257  0.012393
4 0.295265  0.012138
5 0.295259  0.012467
6 0.295267  0.012207
7 0.295264  0.012271
8 0.295266  0.012087
9 0.295262  0.012184
10 0.295264  0.012084
11 0.295259  0.012080

12 0.295262  0.011963
13 0.295282  0.011261

These were used to calculate the overall morbidity of the individuals in each group.
The probability of death from all causes over the next 10 years for a 37 year old female
was calculated as follows. Using the CDC Life Tables (Arias, 2000) for Females, the
probability of survival was calculated for each year period starting at age 37 until age 47.
The life tables give the probability of dying (d;) between periods x and x + 1, hence the
survival probability was calculated as follows:

s;,=1—d;
where s, is the one year survival probability from age ¢ to age ¢ + 1. The 10-year survival
probability (S) was then calculated as the product of the annual survival rates:

47
S=]]s. =0.983311952

t=37
The 10-year probability of dying (D) was then calculated as the complement of the 10-
year survival rate, hence
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D =1-5 =0.016688047 = 0.016688
This is the probability of death from all causes that was used in the calculations.
The 10 year survival rate with breast cancer for someone affected by invasive breast
cancer before age 50 in 1991 is 75.7% (Ries et. al., 2004). That is, out of all individuals
in the SEER Cancer Registry who were diagnosed with invasive breast cancer in 1991
and were under age 50 at that time, 75.7% were still alive 10 years later. We considered
this to be the best survival probability to use since the SEER database is very reliable and
since 10 year probabilities were difficult to find. The mortality rate is one minus the
survival rate:
M= 1-0.757=0.243

This is the 10 year probability of death from breast cancer given an invasive breast cancer
diagnosis before age 50 that was used as the 10 year probability of death from breast
cancer. The 10 year probability of getting breast cancer for the general population that
we used is 0.01 for age group 40 — 49 (Ford et. al., 1998). Therefore, the probability of
death from breast cancer in the general population is:

0.243 - 0.01 = 0.00243
Subtracting this from the general population’s probability of death:

0.016688 — 0.00243 = 0.014258
The mortality from breast cancer is then calculated for each group, e.g. for Group 1 it is:

0.243 - 0.0127 = 0.0030861
and this is added to the general population’s probability of death from all causes except
breast cancer:

0.014258 + 0.0030861 = 0.0173441
These probabilities are referred to as p; values (i.e., probability of death for an individual
in family background group j given no knowledge about BRCA1/2 mutation status. This
exercise was repeated for all base probabilities conditioned on individuals taking a
genetic test with the probability being p,"® for a negative test result and p/* for a positive
genetic test result. Note that the “re-computed” probability of death even for the lowest
risk class is slightly higher than that for the population as a whole (i.e., 0.0173441 for
Group 1 compared to 0.016688). This occurs because CancerGene undoubtedly assigns
different probabilities of cancer than would implicitly be the case of the overall
probability from the Ford, et al. (1998) study. Moreover, this study is for a somewhat
different age group and only provides a single significant digit. However, the absolute
sizes of the probabilities are very close and it is the relative probabilities that matter to
our analysis and we believe these are sound.
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ASSIGNMENT OF HOUSEHOLD SIZE

Household size was not directly given in the data set, so we calculated it as follows: a
variable called “income adequacy” places each household into one of five categories
(lowest income quintile to highest income quintile) as shown in the following table.

Table A.4 Income Adequacy Definitions

Income Adequacy Description Income Household Size
1 Lowest Income Less than $10,000 1 to 4 persons
Less than $15,000 5 or more persons
2 Lower Middle $10,000 to $14,999 1 or 2 persons
Income $10,000 to $19,999 3 or 4 persons
$15,000 to $29,999 5 or more persons
3 Middle Income $15,000 to $29,999 1 or 2 persons

$20,000 to $39,999 3 or 4 persons
$30,000 to $59,999 5 or more persons

4 Upper Middle $30,000 to $59,999 1 or 2 persons
Income $40,000 to $79,999 3 or 4 persons
$60,000 to $79,999 5 or more persons
5 Highest Income $60,000 or more 1 or 2 persons
$80,000 or more 3 persons or more
9 Unknown Not stated --

The variable “household arrangement” indicates the number of adults and whether any
children are in the family. Thus, for example, if the household arrangement variable
(HHARR) is coded a 3 (HHARR = 3) this implies a family made up only of a couple (2
adults). HHARR = 4 implies a couple with children but the number of children is not
directly provided. However, if HHARR=4 and income adequacy is coded at 1 (lowest
quintile) and family income is between 10,000 and 14,999 then their income quintile can
only be the lowest (coded 1) if they have at least 3 children (5 family members), hence
we assign 3 children to this family. But if this family had income below $9,999 they may
have one or more children. In this latter case we would assign the lowest possible number
of children. We used the lower bound in all such cases. The following table (Household
Size Assignment) summarizes the results of this exercise. The number in brackets
following each imputed household size number is the number of observations allocated to
a particular cell.
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Table A.5 Household Size Assignments

Household Income Household Income ($ ,000) n
Arrangement | Adequacy | 0 <5 5- 10- 15- 20- 30- 40- 50- 60- >
Group 10 15 20 30 40 50 60 80 80
Couple 1 2 2 2 - - - - - - - - 1
© O @
2 - - - 2 - - - - - - 3
A3)
3 - - - - 2 2 - - - - - 6
2 @
4 - - - - - 2 2 2 - - 18
@ 6 O
5 - - - - - - 2 2 42
@ @n
9 - - - - - - - - - - 0
Couple with 1 3 3 3 5 - - - - - - 8
Kid(s) @ @O 3 @
2 - - - 3 4 5 - - - - - 35
@ (A1) (20
3 - - - - - 3 4 5 5 - - 134
24) (58) (33) (19
4 - - - - - - 3 3 4 - 218
(58) (49) (111
5 - - - - - - - - - 4 98
(98)
9 3 3 3 - - 3 - - - 5 - 6
d @ O @ ()
Single 1 3 3 3 5 - - - - - - - 11
Parent with o @ ® @
Kid(s) 2 - - - 2 3 5 - - - - - 50
(29) 18) ()
3 - - - - 2 3 3 5 5 - - 43
(7 25 10 (@O (0
4 - - - - - - 2 3 3 4 - 26
az @ 6 @
5 - - - - - - - 2 3 3
©© G
9 - - 2 - - - - - - 1
(1

42



BENCHMARKING OF DEMAND PARAMETER (a)

The elementary utility function for the death state is v(x) = au(x) and so an increase in a
leads to a higher marginal utility of income in the death state and, therefore, an increase
in the demand for life insurance (see also demand function in equation (8)). We
benchmark our value of this demand parameter (a) on the basis that, if insurance is priced
at the actuarially fair rate, then the optimal amount of insurance for an individual to
purchase is that amount that would lead to maintaining per capita living standards of the
family upon that person’s death.”> We adopt a standard household equivalence scale to
guide us in our choice of a. Thus, if insurance is priced at the actuarially fair rate (A=p),
then we want the value of “a” to be such that per capita equivalent income in the life and
death states is equal (i.e., standard of living of remaining household members is the same
as it would be in the life state).

Let L* be this value and L be the actual demand for life insurance as determined from
utility maximization. So, let Sy be the number of person equivalents in the life state and
Sp the number of person equivalents in the death state. These are not simply the number
of household members in each state of the world due to economies of scale in
consumption from living together. Using a standard (OECD) equivalence scale,” these
numbers are determined according to the following rule:

S; takes on the value of 1 for the first adult, plus 0.7 for each additional adult, and then an
additional 0.5 for each child. So, for example, for a couple with no children we have Sy =
1.7 and Sp = 1.0. For a couple with one childe, we have Sy = 2.2 and Sp = 1.5. There is
one exception to this rule. In the case of a one parent family, Sop = 1.5 and Sp = 0.8 (i.e.,
loss of the adult reduces Sy by 0.7 rather than 1).

So, to equalize equivalent per capita income across states of the world requires an amount
of life insurance, L*, such that:

Y+K-AL* K+(1-2A)L*
SO SD

Once L* is found, we then determine what must be the value of “a” to give a level of
insurance demand L(a,p,K,Y,4) = L* when insurance is priced at the actuarially fair rate
(i.e., A=p) using median values within each family type for the other parameters. The end
result is given in the following table.

22 For a discussion of this principle see Gokhale and Kotlikoff (2002) and Bernheim et al (2003).

3 In particular, we use the formula S(N;,N,)=(1+0.7N;+0.5N,) to determine the equivalence weight
(number of person-equivalents) for a family with N; additional adults and N, children. See Figini (1998)
for a detailed discussion.
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Table A.6 Demand Parameter Values for Various Family Demographic Types

Household Arrangement Household Size a
Couple Alone 2 0.58787
Couple with Child(ren) 3 0.68160
4 0.74031
5 0.78074
Single Parent with Child(ren) 2 0.53031
3 0.64704
4 0.71730
5 0.76423

Appendix B: Detailed Demand Analysis

Except for the case of Module 3 only summary information was provided about the
demand for life insurance of various groups. As noted in the main text of the paper, there
was almost no variation in demand behaviour across risk groups and information sets
(i.e., whether a person tested positive or negative for one of the BRCA1/2 genes). In this
appendix we provide more complete information for these remaining cases (i.e., Modules

4 and 5).
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Table A.7 Demand Effects of Adverse Selection in Module 4 (x=5% testing)

Group Test Group  Avg. AmtLD  Avg. Replacement Rate % with LD >0

1 Uninformed 392,489 0.450 69.7
2 392,490 0.446 69.7
3 382,370 0.437 69.7
4 398,614 0.455 66.6
5 382,383 0.437 69.7
6 382,331 0.437 69.7
7 396,987 0.453 66.6
8 389,853 0.444 66.6
9 386,685 0.440 66.6
10 385,155 0.438 66.6
11 382,318 0.434 65.1
12 332,462 0.373 64.3
13 310,934 0.346 63.1
1 Low (NEG) 390,645 0.448 69.7
2 390,646 0.448 69.7
3 388,687 0.443 66.6
4 388,107 0.442 65.7
5 388,712 0.443 66.6
6 388,722 0.443 66.6
7 386,102 0.439 65.1
8 375,319 0.426 65.1
9 366,541 0.415 64.9
10 361,297 0.408 64.9
11 337,033 0.379 64.7
12 297,899 0.329 47.7
13 261,484 0.291 423
1 High (POS) 2,043,744 4.193 100.0
2 2,043,329 4.192 100.0
3 4,233,870 9.229 100.0
4 4,222,767 9.203 100.0
5 4,224,982 9.208 100.0
6 4,223,422 9.205 100.0
7 4,184,091 9.115 100.0
8 4,141,108 9.017 100.0
9 4,081,371 8.880 100.0
10 4,061,384 8.834 100.0
11 3,931,870 8.538 100.0
12 3,214,910 6.898 100.0
13 2,849,313 6.061 100.0
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Table A.8 Demand Effects of Adverse Selection in Module 4 (x=20% testing)

Group Test Group  Avg. AmtLD  Avg. Replacement Rate 9% with LD >0

1 Uninformed 390,712 0.448 69.7
2 390,714 0.448 69.7
3 381,634 0.433 65.1
4 371,201 0.420 64.9
5 381,674 0.433 65.1
6 381,634 0.433 65.1
7 359,768 0.406 64.9
8 348,429 0.393 64.9
9 330,103 0.370 64.3
10 325,762 0.364 63.1
11 307,244 0.340 57.7
12 259,593 0.291 36.9
13 247,589 0.282 32.6
1 Low (NEG) 388,871 0.445 69.7
2 388,872 0.445 69.7
3 371,898 0.421 64.9
4 356,237 0.402 64.9
5 371,948 0.421 64.9
6 371,968 0.421 64.9
7 342,136 0.385 64.7
8 329,615 0.369 64.3
9 307,982 0.343 63.1
10 302,989 0.336 61.4
11 313,654 0.347 50.1
12 223,296 0.258 314
13 184,927 0.223 27.6
1 High (POS) 2,038,836 4.201 100.0
2 2,038,423 4.199 100.0
3 4,095,921 8.913 100.0
4 4,032,560 8.768 100.0
5 4,087,404 8.894 100.0
6 4,085,949 8.890 100.0
7 3,945,712 8.570 100.0
8 3,882,038 8.424 100.0
9 3,734,426 8.086 100.0
10 3,671,944 7.944 100.0
11 3,378,371 7.272 100.0
12 2,094,609 4.334 100.0
13 1,687,448 3.401 100.0
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Table A.9 Module 5: Average LD and Replacement Rate

Group Risk Group  Avg. AmtLD  Avg. Replacement Rate % with LD >0

1 Uninformed 390,122 0.447 69.7
2 390,123 0.447 69.7
3 371,202 0.420 65.1
4 355,966 0.402 64.9
5 371,251 0.420 65.1
6 371,215 0.420 65.1
7 344,973 0.388 64.9
8 332,250 0.373 64.3
9 309,148 0.344 63.1
10 303,725 0.337 61.4
11 317,271 0.351 50.1
12 247,745 0.282 33.3
13 225,200 0.260 314
1 Low 390,419 0.448 70.3
2 390,419 0.448 70.3
3 390,414 0.448 70.3
4 390,406 0.448 70.3
5 390,416 0.448 70.3
6 390,417 0.449 70.3
7 390,410 0.448 70.3
8 390,405 0.448 70.3
9 390,408 0.448 70.3
10 390,405 0.448 70.3
11 390,405 0.448 70.3
12 390,401 0.448 70.3
13 390,380 0.448 70.3
1 High 2,037,203 4.193 100.0
2 2,036,787 4.192 100.0
3 4,042,841 8.792 100.0
4 3,955,389 8.592 100.0
5 4,034,467 8.773 100.0
6 4,033,044 8.769 100.0
7 3,871,242 8.399 100.0
8 3,785,865 8.204 100.0
9 3,600,394 7.780 100.0
10 3,520,520 7.597 100.0
11 3,191,609 6.845 100.0
12 1,885,008 3.854 100.0
13 1,524,386 3.027 100.0
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Appendix 3: Further Sensitivity Results

In the base case described in the results of the main text of the paper, women considered
as their insurable loss the net present value of all future (hypothetical) income that they
would earn up to age 65. This amounted to almost 30 years of lost income. In this
appendix we show that the qualitative results are not affected even if we reduce the time
horizon of lost income to 10 years. Less insurance is purchased by all concerned, not
surprisingly, and the impact on price of adverse selection does not change significantly
(i.e., according to the A/p ratio). The results for Modules 1 through 4 for this case are

presented below.
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Table A.10 Module I Results for Revised Insurance Demand

Group Avg. Amt LD Avg. Replacement Rate % with LD >0
1 142,272 0.453 65.7
2 142,273 0.453 65.7
3 142,279 0.453 65.7
4 142,279 0.453 65.7
5 142,280 0.453 65.7
6 142,280 0.453 65.7
7 142,284 0.453 65.7
8 142,285 0.453 65.7
9 142,292 0.453 65.7

10 142,294 0.453 65.7

11 142,306 0.453 65.7

12 142,396 0.454 65.7

13 142,456 0.454 65.7
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Table A.11 Module 2 Results for Revised Insurance Demand

Group Risk Type Avg. Amt LD Avg. Replacement Rate
1 Low 142,272 0.453
2 142,272 0.453
3 142,270 0.453
4 142,267 0.453
5 142,271 0.453
6 142,271 0.453
7 142,268 0.453
8 142,267 0.453
9 142,267 0.453

10 142,267 0.453

11 142,266 0.453

12 142,265 0.453

13 142,258 0.453
1 High 143,656 0.458
2 143,656 0.458
3 145,369 0.463
4 145,368 0.463
5 145,366 0.463
6 145,366 0.463
7 145,367 0.463
8 145,367 0.463
9 145,368 0.463

10 145,368 0.463

11 145,367 0.463

12 145,367 0.463

13 145,367 0.463
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Pooled Price

Table A.12 Module 3 Results for Revised Insurance Demand

Group p Preg Ppos A AMp
1 0.017340  0.017309  0.048413 0.017609 1.015513
2 0.017344  0.017313 0.048417  0.017613 1.015510
3 0.017476  0.017269  0.086038  0.022069 1.262817
4 0.017483 0.017208  0.086037  0.024208 1.384659
5 0.017494  0.017287  0.085975 0.022087 1.262547
6 0.017500  0.017294  0.085982  0.022094 1.262514
7 0.017584  0.017240  0.086009  0.026140 1.486578
8 0.017608  0.017195 0.086005 0.028095 1.595580
9 0.017769  0.017219  0.086018  0.031819 1.790702
10 0.017814  0.017194  0.086017  0.033694 1.891435
11 0.018088  0.017193 0.086000  0.039393 2.177859
12 0.020125 0.017165 0.086007  0.057765  2.870332
13 0.021480  0.016994  0.086010  0.063495  2.955983
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Table A.12 Module 3 Results for Revised Insurance Demand

Group Risk Group  Avg. AmtLD  Avg. Replacement Rate % with LD >0

1 Low 137,761 0.437 64.9
2 137,763 0.437 64.9
3 106,236 0.330 46.0
4 93,669 0.293 41.4
5 106,296 0.330 46.0
6 106,320 0.330 46.0
7 97,808 0.309 33.9
8 88,231 0.283 32.4
9 73,686 0.244 30.4
10 71,506 0.242 279
11 58,370 0.206 25.7
12 39,043 0.144 21.3
13 33,716 0.124 21.3
1 High 748,826 4.40 100.0
2 748,673 4.40 100.0
3 1,217,584 7.47 100.0
4 1,082,269 6.58 100.0
5 1,215,177 7.45 100.0
6 1,214,823 7.45 100.0
7 978,567 5.91 100.0
8 888,412 5.32 100.0
9 747,377 4.40 100.0
10 687,971 4.01 100.0
11 541,619 3.05 100.0
12 269,171 1.25 98.4
13 223,699 0.93 94.7
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Table A.13 Module 4 (x=5% testing) Results for Revised Insurance Demand

Pooled Price

Group p Preg Ppos A AMp
1 0.017340  0.017309  0.048413 0.017409 1.001096
2 0.017344  0.017313 0.048417  0.017413 1.001096
3 0.017476  0.017269  0.086038  0.017669 1.011044
4 0.017483 0.017208  0.086037  0.017808 1.018589
5 0.017494  0.017287  0.085975 0.017687 1.011032
6 0.017500  0.017294  0.085982  0.017694 1.011086
7 0.017584  0.017240  0.086009  0.017940 1.020246
8 0.017608  0.017195 0.086005 0.017995 1.021978
9 0.017769  0.017219  0.086018  0.018319 1.030953
10 0.017814  0.017194  0.086017  0.018394 1.032559
11 0.018088  0.017193 0.086000  0.018893 1.044505
12 0.020125 0.017165 0.086007  0.022465 1.116273
13 0.021480  0.016994  0.086010  0.024794 1.154282
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Table A.14 Module 4 (x=5% testing) Results for Revised Insurance Demand

Group Risk Group  Avg. AmtLD  Avg. Replacement Rate % with LD >0

1 Uninformed 141,865 0.452 65.7
2 141,866 0.451 65.7
3 139,437 0.443 65.1
4 137,315 0.436 64.9
5 139,442 0.443 65.1
6 139,423 0.443 65.1
7 136,723 0.434 64.9
8 136,103 0.432 64.9
9 132,927 0.421 64.9
10 132,365 0.419 64.9
11 128,233 0.404 64.9
12 112,027 0.348 61.3
13 124,941 0.387 50.3
1 Low 141,198 0.450 65.7
2 141,199 0.450 65.7
3 135,668 0.430 64.9
4 131,537 0.416 64.9
5 135,677 0.430 64.9
6 135,681 0.430 64.9
7 129,549 0.409 64.9
8 127,516 0.402 64.9
9 124,238 0.390 63.6
10 122,304 0.384 63.6
11 113,901 0.355 63.1
12 99,977 0.311 46.0
13 96,980 0.305 36.9
1 High 764,208 4.50 100.0
2 764,049 4.50 100.0
3 1,598,371 9.95 100.0
4 1,583,453 9.85 100.0
5 1,594,986 9.93 100.0
6 1,594,392 9.92 100.0
7 1,568,886 9.76 100.0
8 1,563,050 9.72 100.0
9 1,530,204 9.51 100.0
10 1,522,675 9.46 100.0
11 1,473,887 9.14 100.0
12 1,190,042 7.28 100.0
13 1,048,815 6.36 100.0
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Table A.15 Module 4 (x=20% testing) Results for Revised Insurance Demand

Pooled Price

Group p Preg Ppos A Ap
1 0.017340 0.017309 0.048413 0.017409 1.002826
2 0.017344 0.017313 0.048417 0.017413 1.002825
3 0.017476 0.017269 0.086038 0.018269 1.045376
4 0.017483 0.017208 0.086037 0.018508 1.058628
5 0.017494 0.017287 0.085975 0.018287 1.045330
6 0.017500 0.017294 0.085982 0.018294 1.045371
7 0.017584 0.017240 0.086009 0.018840 1.071429
8 0.017608 0.017195 0.086005 0.019195 1.090129
9 0.017769 0.017219 0.086018 0.019919 1.120997

10 0.017814 0.017194 0.086017 0.020294 1.139216

11 0.018088 0.017193 0.086000 0.021693 1.199303

12 0.020125 0.017165 0.086007 0.031865 1.583353

13 0.021480 0.016994 0.086010 0.036994 1.722257
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Table A.16 Module 4 (x=20% testing) Results for Revised Insurance Demand

Group Risk Group  Avg. AmtLD  Avg. Replacement Rate % with LD >0

1 Average 141,223 0.449 65.7
2 141,224 0.449 65.7
3 127,916 0.404 64.9
4 125,983 0.396 63.6
5 127,932 0.404 64.9
6 127,918 0.404 64.9
7 121,780 0.382 63.6
8 116,631 0.364 63.1
9 110,587 0.343 61.3
10 125,627 0.389 51.6
11 114,167 0.353 50.1
12 93,269 0.298 32.6
13 81,956 0.267 31.4
1 Low 140,557 0.447 65.7
2 140,558 0.447 65.7
3 126,217 0.397 63.6
4 121,261 0.380 63.1
5 126,238 0.397 63.6
6 126,246 0.397 63.6
7 115,787 0.361 63.1
8 111,989 0.348 61.3
9 124,244 0.384 50.3
10 118,738 0.367 50.1
11 107,671 0.334 46.9
12 72,999 0.242 30.4
13 63,361 0.220 26.0
1 High 762,339 4.49 100.0
2 762,180 4.49 100.0
3 1,535,687 9.54 100.0
4 1,511,824 9.40 100.0
5 1,532,472 9.52 100.0
6 1,531,922 9.52 100.0
7 1,479,101 9.17 100.0
8 1,445,910 8.96 100.0
9 1,382,302 8.54 100.0
10 1,350,981 8.34 100.0
11 1,243,398 7.64 100.0
12 745,695 4.39 100.0
13 597,834 3.42 100.0
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