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Abstract

The predictive power of genetic data has been increasing rapidly and is reaching
levels of clinical utility for many diseases. Meanwhile, many jurisdictions have banned
insurers from utilizing genetic information. This has led to concerns that further
improvements in the accuracy and availability of genetic prediction technology will lead
to adverse selection and failure in insurance markets. We make three contributions to
this debate. First, we develop a method to measure the amount of selection that would
take place if consumers had widespread access to current-day genetic information.
Second, we extend the method to estimate the amount of selection that will occur with
future genetic prediction technology. Third, using the rich UK Biobank dataset with
nearly 500,000 genotyped individuals, we predict the risk of eight critical illnesses and
apply the method to measure selection in the critical illness insurance market with
both current and future genetic prediction technology. Our estimates suggest that
expected improvements in genetic prediction will lead to unsustainably high levels of
selection and thus threaten the viability of the market. We discuss policy implications.
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1 Introduction
Over the past two decades, technological and scientific advances have led to substantial
improvements in the predictive power of genetic data (Abdellaoui et al., 2023). Scientists
can now construct “polygenic indexes” (PGIs) that partially predict an individual’s risk
of various diseases from that individual’s genetic data. The predictive accuracy of these
PGIs has reached levels of clinical and personal utility for many diseases (Khera et al., 2018)
and is expected to continue increasing and approach its theoretical upper limits (Daetwyler
et al., 2008) in the coming decades. Clinical trials are underway to evaluate the benefits of
integrating PGIs in routine screening procedures (Klarin and Natarajan, 2022; Saya et al.,
2022; Widén et al., 2022). By introducing risk assessments for common diseases, PGIs are
complementary to the existing class of genetic tests for rare single-gene disorders (e.g., Tay-
Sachs disease) that are already used routinely in healthcare.

Private companies, such as 23andMe and MyHeritage, already offer consumer genetic
testing with PGI-based risk assessments (23andMe, 2023; MyHeritage, 2021). The price of
such consumer genetic health reports is now comparable to the price of blood or cholesterol
tests (and are still plummeting). MyHeritage charges $199 for genotyping plus PGI-based
risk assessment, while Labcorp charges $169 for their comprehensive blood panel test. Many
experts predict that patients will be routinely informed of their PGI-based risk of various
diseases in the foreseeable future (Zeggini et al., 2019), much as with blood test results today.

Meanwhile, concerns that individuals may be treated inequitably on the basis of their
genetic data have led many jurisdictions to ban genetic discrimination in various sectors
(Golinghorst et al., 2022).1 These bans often prohibit insurers from requesting genetic infor-
mation known to applicants, e.g., from a consumer genetic test, or from utilizing any genetic
information at all, when they assess consumers’ risks in underwriting—creating a distinct
information asymmetry. Scholars, policymakers, and insurance industry stakeholders have
voiced concerns that these developments will lead to high levels of adverse selection in some
segments of the insurance industry (Joly et al., 2014; Rechfeld et al., 2019; Maxwell et al.,
2021). This, in turn, could lead to spiraling insurance premiums, or even the unraveling of
these market segments, which could leave all their consumers, including the most vulnerable
ones, uninsured (Akerlof, 1970; Einav et al., 2023).

This study combines large-scale biobank data, economic theory, and econometrics to
1For instance, in the US, the Genetic Information Nondiscrimination Act (GINA) of 2008 prohibits the

use of genetic information by health insurers, but not by other types of insurers. In Canada, the Genetic
Non-Discrimination Act (GNDA) of 2017 broadly prohibits genetic discrimination, including in all sectors of
the insurance industry. Similarly, in France, the Penal Code prohibits the use of genetic information other
than for medico-scientific purposes, and thus by all insurers (Bélisle-Pipon et al., 2019).
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inform the debate on genetics and adverse selection in insurance markets. We focus on the
market for critical illness insurance (CII), which is worth more than $100 billion globally
and is growing (Allied Market Research, 2022). CII pays out a lump sum in the event that
the insured person gets diagnosed with any of a number of medical conditions listed on the
policy (Brackenridge et al., 2006).2 We focus on the CII market because it is an ideal testbed
for the methodology we develop.

This study makes three key contributions. First, we develop a method to measure the
amount of adverse selection that would take place if consumers had widespread access to
current-day genetic information. The method uses large-scale datasets with information on
genetics and on insured events. Second, we extend the method to estimate the amount of
selection that will occur with future genetic prediction technology. The idea is to combine
information from heritability studies—which are informative of the likely accuracy of future
PGIs—with estimates of current PGIs’ correlations with covariates that are used by insurers
in underwriting.

Third, we predict the risk of eight critical illnesses and apply the method to the critical
illness insurance market to measure selection with both current- and future-day PGIs. To
estimate the accuracy of future genetic prediction technology, we use data from the UK
Biobank (UKB) (Bycroft et al., 2018), a large dataset with genotypic and rich health-related
data, including linked data from the UK’s National Health Service (NHS), for 500,000 indi-
viduals.

We have three main substantive findings. First, if genetic testing were widespread, there
would be a noticeable degree of selection even with the current prediction technology. We
find meaningful selection for most of the single-disease CII contracts we study. For some
contracts, like those that insure against the onset of prostate cancer and against the onset
of schizophrenia, we find a degree of selection similar to those in previously studied market
segments that have unraveled. Second, if we consider a scenario with the expected future
prediction technology, the degree of selection is extremely high. For most contracts we find
degrees of selection that are within or above the range observed in market segments that
have unraveled. Third, we find that there is subtle variation in the amount of selection for
different contracts. The amount of selection is mostly determined by the expected accuracy
of future prediction technology and by how well observable non-genetic covariates can predict
the diseases.

A key driver of these findings is that we consider genetic predictions based on PGIs,
which aggregate information from over one million genetic variants to predict a substantial

2Commonly covered conditions include different types of cancers, coronary artery disease, multiple scle-
rosis, and stroke, paralysis, blindness, and unspecified terminal illness (Gatzert and Maegebier, 2015).
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share of the variation in disease risk. For instance, the current-day PGI of prostate cancer
accounts for 11.2% of the variation and—based on heritability studies—we expect future-day
PGIs to account for 18 to 57% of the variation.3 In contrast, popular discussion of genetic
prediction often focuses on rare mutations that can individually have large effects on some
rare diseases. Well-known examples include mutations in the BRCA genes for breast cancer
and in the PKD genes for polycystic kidney disease. Interestingly, these rare mutations
would generate little adverse selection. The reason is that, even though they are highly
predictive, they are extremely rare and so hardly affect insurers’ average costs.

Our findings complement a literature that finds that consumers’ insurance choices are
responsive to genetic information. Oster et al. (2010) find that carriers of the genetic variant
that causes Huntington’s disease (a rare single-gene disorder affecting less than 0.01% of
the population) were 5 times more likely to own long-term care insurance compared to the
general population. Taylor Jr et al. (2010) find that carriers of the APOE4 variant, which
increases the risk of Alzheimer’s by a factor of 2 to 3, were 2.3 times more likely to buy
(or plan to buy) long-term care insurance relative to carriers of the more common APOE3
variant.

Despite the evidence from rare diseases and the potential importance of the problem,
there is little empirical evidence about whether genetic adverse selection driven by increas-
ingly accurate PGIs for common diseases will be a serious threat to insurance markets.
Scholars and policymakers have called for more research (Golinghorst et al., 2022; European
Commission, 2019). Our study is the first (to our knowledge) to use large-scale genetic and
health data, state-of-the-art genetic predictions and econometric modeling to examine this
question.

Given our findings of considerable potential for selection, we discuss policy remedies in
the end of the paper. Our view is that genetic testing is a powerful new technology that
can bring about large benefits. To harness these benefits, it is important to understand how
to mitigate unintended harms from the technology. Our empirical analysis is a step in this
direction.

1.1 Illustrative example: CII for prostate cancer

It is possible to understand the gist of our contribution with a simple example. Consider
a simplified version of a CII contract: a one-time contract that pays $100,000 if the buyer
ever incurs prostate cancer by age 65. This contract is a simplification of real CII contracts
but, as we will discuss later, it captures their key features. The contract is purchased in

3These figures are PGI R2’s on the liability scale, which we define in Section 2.1.

3

PRELIMINARY DRAFT: DO NOT CIRCULATE OR CITE



young adulthood, many years before the usual age of onset of prostate cancer. The cost of
selling this contract is roughly proportional to the buyer’s risk of contracting prostate cancer
by age 65. Our methodology allows us to calculate the distribution of risk in a population
conditional on various subsets of information. We will focus on information subsets that
comprise observable covariates used by insurers in underwriting, as well as combinations of
these covariates with a current-day or future-day PGI.

Figure 1, left panel, shows results based on UKB data. Scenario 1 shows the distribution
of the risk of contracting prostate cancer by age 65 in an all-male population of typical
consumers, conditional on non-genetic covariates only. This information is observed by both
consumers and insurers and is used by insurers to set prices. There would be a non-trivial
amount of selection if insurers were not allowed to use this information. But in practice,
insurers do underwrite and define various consumer risk classes which they price differently.
Following standard practice in the insurance industry, we define the standard risk class
as the set of consumers whose risk of contracting prostate cancer is between 0.75 and 1.25
times the average population risk (r̄ = 0.053) (Brackenridge et al., 2006). These consumers
are shown in blue in the figure and face the same price of insurance. By definition, these
consumers have almost the same risk conditional on the non-genetic covariates, and so there
is almost no selection within the standard risk class in Scenario 1.

Scenario 2 shows the distribution of risk conditional on both the non-genetic covariates
and the current-day PGI of prostate cancer. The standard risk class now has a wider spread.
Because insurers cannot observe genetic information, these consumers look like nearly iden-
tical risks to insurers and are therefore charged the same price. However, because consumers
can observe their PGIs, their privately known risk varies widely.

Scenarios 3L and 3U show the distribution of risk from two future-day PGIs with different
assumed accuracies, both informed by existing estimates of the heritability of prostate cancer.
We consider two future-day PGIs with accuracies corresponding to what are considered
reasonable lower bounds (Scenarios 3L) and upper bound (Scenarios 3U). In Scenario 3L,
the standard risk class now has an even wider spread, with consumers at the 5th and 95th
percentiles facing risks of 0.4% and 15.9% of contracting prostate cancer, respectively. And,
in Scenario 3U, consumers at the 5th percentile face a virtually null risk (as can be seen
from the spike at 0), vs. a 30.2% risk for consumers at the 95th percentile. Thus, consumers
who face the same price of insurance vary widely with respect to their privately known risk.
This suggests that adverse selection could be a serious issue.

To quantify the degree of asymmetric information and adverse selection that would result
from this situation, we employ metrics from economic theory developed by Hendren (2013,
2017). Figure 1, right panel, shows results for prostate cancer that imply very high levels
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Risk Implicit Tax

Scenario 1: non-genetic covariates

Scenario 2: non-genetic covariates and current PGI

Scenario 3L: non-genetic covariates and future PGI with lower-bound SNP heritability

Scenario 3U: non-genetic covariates and future PGI with upper-bound twin heritability

Figure 1: Single-disease Prostate Cancer CII Contract: Risk Distribution and Implicit Tax
Notes: Left panel: distribution of the risk of contracting prostate cancer by age 65, conditional on various
information scenarios and computed in the UKB data (N = 181, 642). The standard risk class is shaded
blue. The vertical blue line marks the average population risk (r̄ = 0.053). Right panel: implicit tax for
consumers in the standard risk class. The sub-figures show the implicit tax, as a function of the consumer’s
risk.
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of selection—higher even than what has been estimated for insurance market segments that
insurers currently refuse to serve. This, along with the results we present below for other
contracts, suggests selection due to future genetic prediction technology will be a first-order
concern and may make some insurance market segments non-viable.

1.2 Paper structure

The remainder of the paper is structured as follows. Section 2 provides background infor-
mation on genetics and on the CII market. Section 3 describes our theory, introducing our
economic and econometric models. Section 4 describes our data and our empirical specifi-
cation. Section 5 presents our results, in a detailed study of a prostate cancer CII contract.
Section 6 presents the results for CII contracts of many other diseases and for a bundle of
diseases. Section 7 discusses extensions and policy implications. Section 8 concludes.

2 Background

2.1 Genetics background

A few disorders, such as Huntington’s disease and sickle cell anemia, are caused by single
genetic variants. These disorders are called monogenic. Some traits, like eye color, are
principally influenced by a relatively small number of variants (Simcoe et al., 2021). However,
the vast majority of traits are polygenic: they are influenced by a very large number of causal
genetic variants (as well as by environmental factors), with each causal genetic variant having
a tiny effect (Chabris et al., 2015; Holland et al., 2020; O’Connor et al., 2019). For example,
coronary artery disease, colorectal cancer, prostate cancer, schizophrenia, and type 2 diabetes
are polygenic diseases, and height, BMI, and cognitive ability are polygenic traits.4 We focus
on polygenic diseases.

To understand how genetic data are used to predict a disease such as prostate cancer,
suppose we have data on a set of genetic variants from across the genome. The entire genome
contains more than 3 billion pairs of elements (associated with the letters “A”, “C”, “G”, and
“T”), but for most diseases, genotyping data on ∼1 million variants capture an important
share of the relevant genetic variation.5,6 Following standard practice in epidemiological

4Alzheimer’s disease and breast cancer are also polygenic, but in addition to being affected by a large
number of variants with tiny effects, they are affected by one common variant with moderate effect (in the
APOE gene, for Alzheimer’s) or by rare variants with large effects (in the BRCA genes, for breast cancer).

5Genotyping is the process of identifying a subset of an individual’s DNA that tags much of the genome’s
variation; sequencing is the process of identifying every single element of an individual’s DNA (and is costlier).

6For a more detailed overview, see Beauchamp et al. (2011) and Benjamin et al. (2012).
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genetics, we will model the disease D with a liability threshold model, according to which
one contracts the disease if one’s liability L is positive. Based on the additive genetic
model, which assumes no interaction across variants or between variants and the environment
(Falconer and Mackay, 1983), L is the weighted sum of an individual’s genetic variants, where
the weights are the variants’ effect sizes on L:

D = {L > 0},

L = k +G∗ + ψ = k + X b∗ + ψ,

where k is a constant; X is a row vector that contains the measured variants and b∗ is a
column vector that contains their true effect sizes on D; G∗ = X b∗ is the individual’s true
additive genetic factor for D; ψ captures all other influences on D; and the operator {..}
is equal to 1 if its argument is true and to 0 otherwise. Despite its simplicity, the additive
genetic model is commonly used in genetics, and both theory and empirical evidence suggest
that additive effects account for the bulk of the genetic variation for most polygenic diseases
(Hill et al., 2008; Polderman et al., 2015).

In practice, neither b∗ nor G∗ are observed. Instead, one can obtain an estimate b̂ from
a previously published genome-wide association study (GWAS) of the disease and use it to
construct a genetic predictor G = X b̂. G is the polygenic index (PGI) of D.7 Observe
that

G = X b̂ = X (b∗ + ϵ) = X b∗ + X ϵ = G∗ + ϵ, (1)

where ϵ is the measurement error in b̂ and ϵ = x ϵ is the error in the PGI G. Measurement
error ϵ in b̂ arises because of sampling variation in the GWAS, which is conducted in a
sample that is independent of the dataset we are analyzing. Thus, X ⊥ ϵ and G∗ ⊥ ϵ.

As mentioned, it is common for human traits—including the diseases we study in this
research—to be influenced by a large number of genetic variants, each with a tiny effect.
This implies, by the central limit theorem, that the true additive genetic factor for a disease
is approximately normally distributed. By the same reasoning, so is ϵ. As a result, so is
G—i.e., PGIs also are approximately normally distributed (shown in the Online Appendix).

As GWASs have rapidly grown in sample size over the past decade (Loos, 2020), estimates
of b∗ have become much more precise; as a result, the predictive power of PGIs has also

7A GWAS is a large-scale genetic study in which a trait of interest is regressed on each of millions of
genetic variants, separately. Because nearby, correlated variants are not included in a given variant’s GWAS
regression, GWAS coefficient estimates capture both that variant’s effect and those of correlated variants.
When constructing PGIs for this study, we employ a method, PRS-CS (Ge et al., 2019), that models patterns
of correlation across variants and use these to transform the GWAS coefficients into estimates of b∗ (i.e.,
into b̂).
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increased dramatically (see, e.g., Okbay et al., 2022). As GWAS sample sizes keep increasing,
and as the set of genetic variants they analyze is augmented to include rarer variants, PGI
predictive power should increase further (Abdellaoui et al., 2023; Daetwyler et al., 2008). In
theory, the upper bound for a PGI’s predictive power for a given trait is the trait’s narrow
sense heritability (So and Sham, 2010; Dudbridge, 2013), defined as the share of the trait
variation that is attributable to additive genetic factors.

Table 1 shows, for the eight diseases we study, our estimates of their current-day PGIs’
R2’s together with previous studies’ estimates of their “SNP heritabilities” and of their
“twin heritabilities”. Since the diseases are binary traits, we report the R2 on the liabil-
ity scale. This R2 is also known as the McKelvey & Zavoina pseudo-R2 and is defined
as Var[Gβ]/Var[Lr], where β is the coefficient from a probit regression of D on G and
Var[Lr] = Var[Gβ] + 1 is the variance of the liability in that regression (Lee et al., 2012;
McKelvey and Zavoina, 1975).8 A disease’s SNP heritability is the share of the variance in
its liability L that is attributable to the set of common genetic variants used in the SNP
heritability estimation.9 Because not all variants are used (as most were not measured, and
for computational reasons), SNP heritability is necessarily lower than the true heritability.
A trait’s twin heritability is computed by comparing the resemblance of monozygotic twins—
who share 100% of their genomes—to that of dizygotic twins—who share 50% on average.
Under some assumptions, it is a consistent estimate of the trait’s true heritability.

Table 1: Descriptive statistics for selected diseases

Disease Prevalence Lifetime risk Current PGI R2 SNP h2 Twin h2

Alzheimer’s disease 7.1% 6.3% (M), 12% (F) 6.5% 31% 58%
Breast cancer (F only) 8.1% 12.3% 6.8% 14% 31%
Colorectal cancer 2.9% 4.6% 2.5% 9% 40.2%
Coronary artery disease 3% 51.7% (M), 39.2% (F) 3.0% 22% 40%
Lung cancer 3.2% 5.7% (smokers) 1.1% 7.5% 38%
Prostate cancer (M only) 0.9% 12.7% 11.2% 18% 57%
Schizophrenia 0.46% 0.7% 5.8% 24% 79%
Type 2 diabetes 3.9% 27% (M), 18.6% (F) 8.6% 19.6% 72%

Notes: Reported R2’s are on the liability scale and were estimated in the UKB (further described below).
All other statistics come from earlier, separate studies of the diseases (references available upon request) and
were not produced with a uniform methodology across diseases. Prevalence and lifetime risk include various
age-corrected measures (e.g., the prevalence of Alzheimer’s disease is reported for ages above 65).

While it is impossible to know with certainty how predictive a disease’s future PGI will
be, it is likely that it will explain at least as much as the disease’s SNP heritability estimated

8The R2 on the liability scale is intuitively analogous to the usual R2, but indicates the share of the
variance of the liability—instead of the variance of a continuous dependent variable—that is accounted for
by the covariates.

9The expression “SNP heritability” comes from the fact that the variants used are typically single nu-
cleotide polymorphisms (SNPs).
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with common variants. This is because future PGIs, in addition to being constructed with
more precise estimates of common variants’ effect sizes, will also account for the effects sizes
of less common variants. And, as mentioned, the theoretical upper limit on a PGI’s predictive
power for a disease is the disease’s heritability. In our analyses, we report results both under
the assumption that future PGIs’ accuracies will be equal to their SNP heritabilities (as
lower bounds) and that they will be equal to their twin heritabilities (as upper bounds).

As is currently standard practice in applied genetic research, our analysis only uses data
from individuals of European ancestry, for two main reasons. First, available genetic data for
other ancestries are still scarce (Mills and Rahal, 2020); as a result, most large-scale GWASs
whose estimates we can use to construct our PGIs were conducted among European ancestry
individuals. Second, PGIs based on European ancestry GWAS estimates tend to perform
poorly among individuals of other ancestries (Martin et al., 2017; Privé et al., 2022).10

There are numerous ongoing efforts to diversify the world’s biobanks (Zhou et al., 2022)
and to develop statistical methods to improve polygenic prediction across ancestries. As a
result, future PGIs should eventually have predictive powers of similar magnitudes across
different ancestries. Our results regarding the implications of improved genetic prediction
for insurance markets are thus equally relevant for non-European ancestry individuals.

2.2 Critical illness insurance

Critical illness insurance (CII) pays out a lump sum in the event that the insured person
gets diagnosed with any of the medical conditions listed on the policy (Brackenridge et al.,
2006). The lump sum can be used as the policyholder wishes. The policy pays out once
and is thereafter terminated. The typical policy is renewable at a guaranteed rate, which
is determined before contract initiation by medical underwriting. Typical contracts cover
about thirty core diseases or disorders, including different types of cancers (including breast,
prostate, and colorectal cancer), coronary artery disease, multiple sclerosis, stroke, as well
as serious conditions like paralysis, blindness, and unspecified terminal illness (Gatzert and
Maegebier, 2015). Enhanced plans exist that cover additional conditions, such as dementia,
diabetes, or severe psychiatric illness. The Canadian Institute of Actuaries (2012) reports
that, in Canada, 68% of claims were paid to cancers and 13% to heart attacks.

CII originated in South Africa in 1983. It proved popular because expensive medical
treatments were not covered by public insurance programs. Presently, major markets include
Canada, the United Kingdom, Japan, Australia, India, China, and Germany. It is estimated
that 20% of British workers were covered by a CII policy in 2009 (Gatzert and Maegebier,

10This is likely due to population genetic reasons and differential genetic effects in different environments.
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2015). The global CII market has been valued at over $100 billion in 2021 and was projected
to grow to over $350 billion by 2031 (Allied Market Research, 2022).

Contract details vary across markets. One dimension of variation is the set of covered
illnesses, which has tended to increase over time and is a point of differentiation between
competing firms’ offerings. Some contracts only cover a specific disease or a specific narrow
group of diseases. One example is cancer insurance in the US and Japan (Gatzert and
Maegebier, 2015; Canadian Institute of Actuaries, 2012). Another dimension of variation is
whether policies include other benefits, such as paying back a fraction of the premium in
case of death of the policyholder. Some contracts are standalone, whereas others are riders
to another insurance policy such as life insurance.

Underwriting for individual policies is similar to life insurance underwriting. For individ-
ual policies, insurers request detailed information, and may ask for medical records, blood
or other medical tests, and medical examinations (Canadian Institute of Actuaries, 2012).
Industry reports often discuss concerns with adverse selection, and some contract features
like waiting periods are meant to curb adverse selection (Gatzert and Maegebier, 2015).

The existing economic literature on the impact of genetic testing on CII is scarce. Our
study relates most to a series of studies in the actuarial science literature by MacDonald
and colleagues (e.g., Macdonald et al., 2005; Macdonald and McIvor, 2009; Macdonald and
Tapadar, 2010; Macdonald and Yu, 2011; Adams et al., 2015). They investigate the impact
genetic information will have on CII and generally find that adverse selection due to private
genetic information is unlikely to be a problem. However, most of these studies are from
more than a decade ago and, consistent with the genetic prediction technology at the time,
mainly consider single-gene mutations that account for only small shares of the population
variation in the studied disorders. Thus, by largely ignoring expected improvements in the
predictive accuracy, this literature has found that selection will not be a problem.

More recently, Maxwell et al. (2021) found that current-day PGIs predict breast cancer
and coronary artery disease above and beyond normal underwriting factors, and discuss the
possibility that this may lead to adverse selection. In a study for the Canadian Institute
of Actuaries, Howard (2016) considers only some rare genetic variants associated with six
conditions and finds that barring insurers from using genetic data would have a sizeable
impact on CII claims rates (and thus on premiums) due to adverse selection.
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3 Theory

3.1 Economic model

The model. Consider a population of consumers who may incur a binary loss and can
purchase an insurance contract for it. For example, in a single-disease CII contract, the
loss corresponds to developing the disease. In a multiple-disease CII contract, the loss
corresponds to developing one of the diseases listed in the contract. We will use the terms
“loss” and “disease” interchangeably.

Throughout this section, we consider a population that is treated equally by insurers,
such as consumers in the same risk class. We assume that consumers have additional private
information, so that there may be selection. This additional private information can include
both genetic and non-genetic information.

Each consumer is characterized by the realization of four random variables (D,Gc, Gf ,W).
The disease (or loss) D is a random variable equal to zero or one depending on whether a
consumer contracts a disease. Gc, the current polygenic index (PGI) of the disease D,
is a sufficient statistic of the consumer’s DNA for the purpose of estimating the probability
of contracting D, conditional on the current genetic prediction technology. Gf , the future
PGI of D, is a sufficient statistic of the consumer’s DNA conditional on the future genetic
prediction technology. The non-genetic covariates W are a row vector of covariates. The
variables (D,Gc, Gf ,W) are independently identically distributed across consumers, with
joint distribution P. Gc and Gf take real values. W takes values in Euclidean space.

Private information about risk. Each consumer has private information about her
non-genetic factors W and her PGI G. We will consider three counterfactual scenarios with
different sets of consumer private information that vary as a function of the assumed genetic
prediction technology: with no genetic prediction technology; with the current-day PGI
(G = Gc); and with the future-day PGI (G = Gf ).

Denote consumers’ private information about risk as follows. The non-genetic private
risk function is defined as the probability π(w) of a disease conditional on non-genetic
factors W = w:

π(w) := E [D|W = w] .

The private risk function is defined as the probability ρ(g,w) of a loss conditional on
the PGI observed by the consumer, G = g, and non-genetic factors W = w:

ρ(g,w) := E [D|G = g,W = w] .
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Define the random variable for non-genetic private risk as P := π(W), and the
random variable for private risk as R := ρ(G,W). We henceforth refer to R as risk. The
realization of losses as well as both non-genetic private risk and private risk are independent
across consumers.

Measures of adverse selection. The distribution of risk R across the population is
informative about the degree of adverse selection when consumers have genetic information.
Figure 1, left panel, displays the possible distribution of the risk of contracting prostate
cancer by age 65 under the different information scenarios. The blue region represents
consumers in the standard risk class. In Scenario 1, where consumers only have non-genetic
private risk, the distribution is concentrated around the mean. Therefore, consumers have
little private information about their own risk, and consumers who purchase insurance are not
likely to be particularly high-risk, making it easier for an insurance market to perform well.
By contrast, the distributions in Scenarios 3L and 3U, where consumers observe also observe
future-day PGIs, are highly dispersed. Therefore, some consumers know that they have low
risk and other consumers know that they have high risk. So consumers who purchase more
insurance are likely to be those with particularly high risk. This makes it more likely that
an insurance market will perform poorly. In standard adverse selection models, few or no
consumers may end up buying insurance, because firms expect that only high-risk consumers
would want to purchase and so set a high price, which further deters low-risk consumers,
which leads firms to set an even higher price (Akerlof, 1970).

Adverse selection depends on the entire distribution of risk R. Therefore, we will report
all the key distributions with histograms like those in Figure 1. Moreover, we will also report
an economic measure of selection, the implicit tax (Hendren, 2013). The implicit tax t(r)
is defined as the extra amount a consumer with risk r would have to pay if she had to buy
insurance at the actuarially fair price for all consumers with risk r or greater, versus what
her own actuarially fair price is. The formal definition is in Appendix A.1, Equation (A.1).
Intuitively, the implicit tax tells us how much more the marginal consumer has to pay to
buy insurance due to adverse selection, and gives this number as a percentage tax that is
easy to interpret.

The implicit tax measure has three advantages:

1. Hendren (2013) proposed a no-trade theorem that shows that sufficiently high values of
the minimum of the implicit tax cause insurance markets to break down under certain
assumptions. Therefore, at least in some settings, the implicit tax is a measure of
selection problems.11

11A key assumption of this no-trade theorem is that consumers are assumed to have identical risk pref-
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2. Regardless of whether the specific assumptions hold in any given example, the implicit
tax is intuitive, and likely to be a relevant statistic even in more general settings.

3. We can benchmark the implicit taxes with the values calculated for other markets.
Hendren (2013) estimated the implicit tax in market segments that had unraveled
(in the sense of not being served by insurers) and in market segments that had not
unraveled. He reports the minimum implicit tax up to the 80th percentile of risk, which
we denote t80. If t80 were to occur at the 70th percentile, say, and were sufficiently
low, then insurance in the market segment comprising the top 30% riskiest consumers
should be viable. Hendren (2013) considers the minimum up to the 80th percentile
because if the implicit tax is high at that and at all lower percentiles, then any market
segment that comprises more than the top 20% of the riskiest consumers would not be
viable, and any segment that comprises less may be too small and thus also unviable.
So a high t80 is indicative that a market might unravel. For market segments that had
not unraveled, he estimated t80 to be between 7% and 35%. For market segments that
had unraveled, he estimated t80 to be between 43% and 83%.

3.2 Econometric model and identification

Our model is fully specified by P, the joint distribution of (D,Gc, Gf ,W). While the current-
day PGI Gc can be observed in the UKB data by the econometrician, the future-day PGI
Gf cannot. Define the distribution of the observed data as a joint distribution Pdata over
(D,Gc,W). We say that the model is identified if there is a unique value of P consistent
with Pdata.

It may at first appear that the model cannot be identified. Identification implies that we
can use the UKB data to estimate the degree of selection in a world in which consumers can
observe their future-day PGIs. It turns out that the model is identified under reasonable
assumptions. The key idea is that empirical regularities from quantitative genetics consid-
erably restrict the data, making identification possible. Our assumptions, detailed below,
are based on two empirical regularities, which we discussed in Section 2.1. First, PGIs are
approximately normally distributed. And second, existing heritability estimates for a disease
are informative about the likely predictive power of its future PGI.

erences. However, in equilibrium selection models, the degree of market failure depends both on how risk
is distributed and on its joint distribution with risk preferences (Einav et al., 2010a). Therefore, studies
of the costs of adverse selection often take into account how risk is correlated with demand for insurance.
Due to data limitations, we cannot reliably measure insurance demand from the UKB data. Therefore, we
follow Hendren (2013) in measuring only risk distributions. Developing a full structural model for insurance
demand and risk would be an interesting topic of future research.
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We now state the necessary assumptions. The first assumption is a regularity condition
on the distribution of covariates.

Assumption 1. [Covariates’ distribution] W is distributed according to a distribution PW

in Euclidean space. The support of W spans the entire space.

The next two assumptions are conditional normality assumptions on the PGIs Gc and
Gf . They are motivated by the two regularities mentioned above and by the fact that what
distinguishes a current-day PGI from a future-day PGI is simply the size of the independent
and approximately normally distributed error. Further, because Gc does not have a natural
scale, it is standardized to have unit variance (and zero mean) in the data.

Assumption 2. [Gaussian future-day PGI] Conditional on observables, the future-day PGI
has a Gaussian distribution. The variance is constant and the mean is a linear function of
observables:

Gf := Wθ + V , (2)

with V ∼ N(0, σ2
V ) and V ⊥ W.

Assumption 3. [Noisy current-day PGI] The observed current-day PGI Gc has unit vari-
ance, Var[Gc] = 1, and is a noisy estimate of Gf :

Gc := Gf + ϵ, (3)

with ϵ ∼ N(0, σ2
ϵ ) and ϵ ⊥ (W, V ).

We note that when we assume that a future PGI’s accuracy is equal to the disease’s twin
heritability (as an upper bound), Assumption 3 is likely to be violated. Specifically, in that
scenario, it is unlikely to be the case that ϵ ⊥ W.12 Here, we ignore these subtleties, as they
are unlikely to impact our main conclusions. Online Appendix E further discusses this issue
and introduces a more complicated model that deals with it, albeit at the cost of additional
assumptions.

The fourth assumption is that D follows a probit model, which is the standard functional
form for binary diseases in genetic epidemiology. The assumption also implies that the
current-day PGI has no predictive power beyond the future-day PGI.

Assumption 4. [Probit disease model] Disease probabilities follow a linear probit model:

Pr[D = 1|Gf = gf , Gc = gc,W = w] = Φ(gfβg + wβw). (4)
12The reason is that Gc, being constructed with currently available SNP data, is then not a noisy signal

of Gf , but only of the component of Gf that can be predicted by SNPs.
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Under assumptions (1)-(4), the distribution P has parameters

Γ := (PW, β, θ, σ
2
V , σ

2
ϵ ).

The data can be generated by taking independent draws of W ∼ PW, V ∼ N(0, σ2
V ), and

ϵ ∼ N(0, σ2
ϵ ). Equation (2) then determines the future PGI Gf ; Equation (3) determines the

current PGI Gc; and the disease D is realized with probability given by Equation (4).
For the model to be identified, we need one more assumption. We need to assume that

we know the predictive power of the future PGI Gf , which we denote R2
f , from heritability

studies. (We can estimate the predictive power of the current PGI, R2
c , in the data.)

Assumption 5. [Future PGI predictive power] The pseudo R2 on the liability scale of a
probit regression of D on Gf equals a known constant R2

f .

We are now ready to state the identification result.

Theorem 1. Under assumptions (1)-(5), the model is identified.

Appendix A.2 provides the proof. The intuition for this is as follows. PW is identified
because W is observed. The coefficients θ are the coefficients of a regression of Gc on W. The
variances σ2

ϵ and σ2
V are identified from Gf ’s assumed future predictive power, the estimated

predicted power of Gc in the data, and the variance of Wθ. Finally, the coefficients β are
related to the coefficients of a probit regression of D on Gc and W. Once the other parameters
are known, β can be computed from that regression’s coefficients.

4 Data and empirical specification

4.1 Data

We will analyze data from the UK Biobank (UKB) (Bycroft et al., 2018; Sudlow et al.,
2015). The UKB contains genotypic and rich health-related data for over 500,000 individuals
from across the United Kingdom who were between 40 and 69 years old at recruitment
(between 2006 and 2010). UKB data is linked to the UK’s National Health Service (NHS),
which maintains detailed records on health events from birth to death and with whom
98% of the UK population is registered. In addition, all UKB participants took part in
a baseline assessment, in which they provided rich environmental, family history, health,
lifestyle, physical, and sociodemographic data, as well as blood, saliva, and urine samples.

The UKB contains genome-wide array data for ∼800,000 genetic variants, for ∼488,000
participants. Following standard practices, all genotyping data were imputed (by UKB
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researchers) using reference genomes. In our analyses, we use these imputed data for the
circa 1 million well-characterized variants from the HapMap 3 Project that are commonly
used to compute PGI (Altshuler et al., 2010; Yengo et al., 2022). Our analysis sample
comprises the 446,252 UKB participants of European ancestry who have been genotyped
and whose genetic data passed a number of quality control filters. Table 2 reports sample
descriptive statistics after having filtered on variable missingness over the baseline risk factors
and the disease-specific risk factors (listed in Table 3). For each of a suite of diseases, we
use these genetic data and estimates of the variants’ effect sizes, together with the software
PRS-CS (Ge et al., 2019), to compute the disease’s current-day PGI. The estimates of the
variants’ effect sizes come from the largest available GWAS of the disease whose analysis
sample did not contain the UKB (see the Online Appendix).13,14,15

The UKB’s linked electronic health record (EHR) data cannot be directly analyzed be-
cause it is large and unstructured. To code each disease, we rely on the established and
widely used “Phecode” mapping system (Denny et al., 2013), which was designed specifi-
cally to handle the complexities of defining clinically meaningful case-control status from
various complex EHR sources (Bastarache, 2021). The mapping system uses the categories
of the International Classification of Diseases (ICD9/10) as reference point.16

For each disease, we reviewed the epidemiological literature to identify the main disease-
specific non-genetic risk factors. These risk factors are typically used both by medical prac-
titioners and by insurers in underwriting to assess individual disease risk. We have coded
variables that capture most of these risk factors in the UKB. Table 3 lists these disease-
specific risk factors, together with a set of baseline risk factors for which we account in our
analysis of all diseases; the few risk factors we were not able to code with the UKB data are
in square brackets. Accounting for conventional epidemiological risk factors in our analysis
is critical, because they are typically observed and used by insurers in underwriting. We use

13We focus on the European ancestry participants for the reasons outlined in Section 2.1. Online Appendix
Section B provides more details on the specific GWASs we used as well as on the quality control filters and
how we constructed the PGIs.

14The GWAS sample must not overlap with the UKB to avoid overfitting (Wray et al., 2013)—i.e., to
ensure that G∗ ⊥ ϵ.

15As mentioned, Alzheimer’s disease and breast cancer are polygenic diseases, but they are additionally
affected by variants with sizeable effects in the APOE and BRCA genes, respectively. In Online Appendix
Section B, we show that our PGI for Alzheimer’s disease could capture completely the effect of APOE risk
type. Our PGI also includes common variants in the BRCA genes, but we did not investigate the overlap
with rare BRCA variants because doing so would require sequencing data.

16A key issue addressed by this Phecode mapping system is the high level of heterogeneity among codes in
the ICD hierarchy. For example, the general breast cancer ICD10 code C50 (malignant neoplasm of breast)
has some ten subcodes to identify what part of the tissue is affected. The Phecode system groups these
subtypes together under a single code, 174.1 (Breast cancer [female]). In the latest version, the Phecode
mapping system condenses some 90,000 ICD-10 codes into about 1,900 Phecodes (Bastarache, 2021).
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Table 2: Sample descriptive statistics

Panel A. Case proportion and age of onset
Age of onset

Disease N % Cases Mean SD 5th pct 95th pct
Alzheimer’s disease 405,730 0.6% 74.3 5.2 64.4 81.1
Breast cancer 184,142 6.4% 59.9 10.5 42.2 75.9
Coronary artery disease 410,858 12.0% 62.9 9.7 45.9 77.3
Colorectal cancer 410,688 2.3% 64.9 9.2 48.4 77.8
Lung cancer 399,843 1.3% 68.4 7.7 54.2 78.8
Prostate cancer 177,803 7.7% 66.9 6.6 55.4 77.2
Schizophrenia 410,858 0.2% 47.2 17.1 20.5 74.6
Type 2 diabetes 410,858 7.7% 63.7 9.0 47.9 77
Any disease (males) 170,170 30.8% 62.9 9.4 46.4 76.5
Any disease (females) 177,803 19.3% 62.3 10.1 44.7 77.1

Panel B. Descriptive statistics baseline risk factors (N = 416,261)
Variable Mean SD Min Max
Age (at last observation) 65 9.67 39 85.7
Sex (Male = 1) 0.46 0.5 0 1
Deprivation index (Townsend) -1.52 2.94 -6.26 10.88
Education (years of schooling) 13.98 4.95 7 30
BMI 27.36 4.74 12.12 74.68
Drinks per week 8.35 9.27 0 52
Smoking status: - Current 0.1 0.3 0 1
- Ex smoker 0.36 0.48 0 1
- Never 0.54 0.5 0 1
Physical inactivity 0.01 0.11 0 1
Systolic blood pressure (SBP) 138.3 18.43 72 253.5

Notes: The sample sizes in panel A reflect the number of participants with no missing values for (i) the
baseline risk factors (Panel B) and (ii) the disease-specific risk factors (Table 3).

these factors, together with ten genetic principal components (PCs) and a genotyping array
dummy, as the covariates W in our prediction models.

4.2 Contracts and specification

We will apply our model to CII contracts. We consider a loss to be the occurrence of a
covered disease and consider contracts that pay a lump sum at the onset of the disease, thus
ignoring the uncommon additional benefits some contracts provide. Actual contracts vary
across several dimensions (see Section 2.2). So we narrow down our analysis to particular
types of contracts, especially in two key contract dimensions: the set of covered diseases and
the coverage period. Furthermore, we specify a population of interest and the covariates.
With this, we have a full specification to take our theoretical model variables (current PGI
Gc, covariates W, and loss D) to the data.

Set of covered diseases. CII contracts vary in the number of diseases covered. Most
contracts cover about thirty diseases, and the set of diseases has been a point of differenti-
ation between different companies. Nevertheless, most claims are due to cancers (Canadian
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Table 3: Non-genetic risk factors for selected diseases

Disease Key risk factors
Baseline risk factors (for
all diseases)

Age, sex, Townsend Deprivation index, education (years of schooling), body mass index (BMI),
alcohol consumption, smoking (current, ex, or never), physical inactivity, systolic blood pressure,
family history∗ (did each of father, mother, or siblings ever suffer from the disease?)

Alzheimer’s disease Air pollution, APOE risk type∗∗, [brain injury], coronary artery disease, depression, diabetes,
hearing loss, hypertension, physical inactivity, social isolation

Breast cancer Diabetes, ever had breast cancer screening / mammogram, ever had hormonal replacement
therapy, hormonal contraceptives, age at menarche, age at menopause, age at first birth, number
of live births

Colorectal cancer Crohn’s disease, diabetes, [diet], ever had bowel cancer screening, irritable bowel syndrome
(IBS), polyp of colon, ulcerative colitis (and other non-infective gastro-enteritis and colitis)

Coronary artery disease Depression, diabetes, [diet], hypercholesterolemia, hyperglycemia, hypertension, social isolation
Lung cancer Air pollution, asthma, [diet], Human papillomavirus (HPV) infection, lung or respiratory disease

due to environmental or occupational exposure (e.g., asbestos, diesel, radon, or other external
agents), other history of lung or respiratory disease, smoking, smoking intensity (peak adulthood
number of cigarettes per day), social isolation

Prostate cancer Ever had prostate specific antigen (PSA) test
Schizophrenia Anxiety, bipolar disorder, [cannabis use], depression, neuroticism, [psychopathology]∗∗∗, [sub-

stance use]
Type 2 diabetes [Diet], hypercholesterolemia, hyperglycemia, hypertension, social isolation

Notes: The risk factors for each disease were identified by a review of the epidemiological literature and the
reviewed references are reported in Supplementary Table [Risk factors]. Variables capturing all identified
factors were coded in the UKB, except for a few that were not clearly defined in the literature (e.g., diet) or
for which data was not available (indicated in square brackets). ∗ For schizophrenia, family history of “severe
depression” was used as proxy. ∗∗ A covariate for APOE risk type was omitted because of perfect overlap
with the PGI. ∗∗∗ Psychopathology was proxied by neuroticism score, bipolar disorder, and depression.

Institute of Actuaries, 2012). Some insurers offer enhanced policies with multiple tiers of
covered diseases and medical conditions. There are also less comprehensive contracts such
as cancer insurance and even single-disease CII contracts.

We first consider single-disease contracts. While these are uncommon, they have three
advantages. First, implementation is simpler because PGIs and heritability estimates are
available from the literature. Second, these simple contracts make the interpretation of the
results more transparent, which is useful for evaluating our methodology. Third, CII claims
are dominated by a few diseases, so single-disease contracts may be representative of typical
contracts. The single-disease CII contracts can be seen as the smallest unit of coverage, and
thus, a useful Petri dish with which to illustrate and test our methodology.

We consider the eight diseases in Table 1. These include some of the most common
cancers (prostate, breast, lung, colorectal), which by themselves account for a large share of
CII claims. We include coronary artery disease, which is the next most common non-cancer
source of claims. We include Alzheimer’s disease because it is important for long-term care
insurance, so the results might be useful for future research on that market. Schizoprenia is
included as an example of a highly heritable but rare condition. We included type 2 diabetes
because it is common and of public health concern, although it is not covered by most CII
policies.

18

PRELIMINARY DRAFT: DO NOT CIRCULATE OR CITE



We also consider a bundled CII contract, that pays the lump sum upon occurrence of
any of the eight diseases we study, and then terminates. Our eight diseases include the
most common cancers and some of the most common non-cancer critical illnesses. So the
bundled contract is similar to a realistic CII contract. In fact, many of the diseases and
medical conditions covered by real CII contracts but not by our analysis are rare. Some
industry observers believe that insurers include rare diseases because consumers value the
more comprehensive policies, perhaps due to poor statistical reasoning, even though the
costs are negligible from an actuarial perspective.

Coverage period. Typical CII contracts are guaranteed renewable, at a predetermined
rate, up to a maximum age. It is common for the maximum age to be 65. We will restrict
attention to this type of contract. The simplest way to model this contract is to assume that
consumers will renew until age 65. Ignoring interest rates, this means that firm’s costs are
proportional to the probability that the consumer will incur the disease up to age 65. This
is the approximation we will use. In the terminology of our model, we set the loss D = 1 if
the consumer ever incurs the disease by age 65.

We stress that this is an approximation; it departs from reality in two important ways.
First, in practice, consumers do let policies lapse. Lapsation is a secondary but important
driver of insurance premiums. For example, in life insurance it has been documented that
older consumers are more likely to let their policies lapse, even though they have the greatest
probability of dying. This is crucial for firms to make positive profits (Gottlieb and Smetters,
2021). Second, the timing of losses also influences insurers’ costs, due to time discounting.

Population of interest. We are interested in a population of young adults at a typical
age of first CII purchase (and younger than the usual age of disease onset) and who may
purchase CII contracts. Our model considers a population of consumers who are treated
similarly by insurers. We follow standard underwriting practices to define this group. Insur-
ers often define the standard risk class as all consumers who are within 0.75 to 1.25 times
the average population-wide risk, based on underwriting using the covariates insurers can
observe. It is typical for insurers to charge the same rates to all consumers in the standard
risk class. We take the standard risk class to be the population of interest in the analyses
we report in the main text. This fits our model, where we measure selection within a group
of consumers who are treated identically by insurers.

PGIs and covariates. For each disease, we construct the current PGI Gc based on
the genetic data from the UKB and prior genome-wide association studies, as described in
Section 4.1. Table 3 lists the covariates W for each disease.
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Scenarios and information sets. For each contract, we produce results under four
Scenarios. In all Scenarios, insurers only observe a number of discrete consumer risk classes
(including the standard and high risk classes).17 The scenarios differ with respect to the con-
sumers’ information sets. In Scenario 1, consumers observe only their non-genetic covariates
and thus observe a moderate amount of non-genetic private risk P . In the other scenarios
consumers observe both their non-genetic covariates and their current or a future PGI, and
thus observe their private risk R. In Scenario 2, consumers observe their current-day PGI
(Gc). In Scenarios 3L and 3U, they observe a future-day PGI (Gf ). In Scenario 3L, the PGI’s
predictive power is equal to the disease’s SNP heritability (R2

f = h2SNP ), and in Scenario 3U
it is equal to the disease’s twin heritability (R2

f = h2twin).
Scenarios 2 and 3 assume that consumers have widespread access to their genetic risk

predictions. As discussed in the Introduction, it is widely believed that this may be the case
in the future. Currently, however, there is no widespread consumer access to genetic risk
predictions. Therefore, though Scenario 2 is based on the current PGI, it does not reflect
the current state of affairs.

4.3 Estimation

For each contract, estimation is based on the identification Theorem 1. The theorem’s proof
shows that all parameters of the econometric model are simple functions of moments in the
data. While we could simply read off these moments in the data, our actual estimator esti-
mates these moments jointly using the generalized method of moments (GMM) to properly
estimate standard errors.

One minor complication is that, in the UKB, we do not have long-term follow-up data.
If we had such follow-up data, we would estimate the model off a population of consumers
that we would observe both at a typical age of first CII purchase, say 30 years old, and
then again at 65 years old. In practice, because of this data limitation, for each disease we
use data from individuals of different ages to estimate the risk each individual develops the
disease by age 65.

For each contract, our method proceeds as follows:

Step 1. Estimating the econometric model. We begin by estimating our econo-
metric model for the contract, using our sample of European ancestry UKB participants
who have been genotyped. We pool data from females and males, except for breast cancer,

17In reality, insurers observe all the non-genetic covariates. However, they only use these to classify
consumers across the risk classes, and so they effectively only observe the risk classes. Because the risk
classes are somewhat coarse, there is still non-genetic private risk within each class, but not enough to lead
to high levels of selection (that’s why insurers are content to use these coarse risk classes to set prices).
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prostate cancer, and the bundled contract. Estimation for single-disease CII contracts works
as follows. For Scenarios 1 and 2, this involves only a probit regression of the disease on
the non-genetic covariates (Scenario 1) and of the disease on both the non-genetic covariates
and the current-day PGI (Scenario 2) (see Appendix A.2).

For Scenarios 3L and 3U, we estimate the current PGI’s predictive power (R2
c) in the UKB

data, and assume that the future PGI’s predictive power (R2
f ) is equal to the disease’s SNP

heritability and twin heritability for Scenarios 3L and 3U, respectively. Next, we estimate
our econometric model, which involves first regressing Gc on W to estimate θ (Equation
A.2); estimating σ2

ϵ and σ2
V from the assumed R2

f , the estimated R2
c , and the variance of Wθ

(Equations A.3 and A.4); and estimating a probit regression of the disease on the non-genetic
covariates and the current-day PGI and then transforming the coefficients into estimates of
βg and βw (Equations A.6-A.7). We estimate all the corresponding moments together with
the generalized method of moments (GMM).

Estimation for the bundled CII contract is nearly identical. We construct a PGI for the
loss by running a regression of the loss on the individual PGIs for each disease. We obtain
the current predictive power in the same way and estimate the SNP heritability of the loss
in the UK Biobank with a standard approach used in genetic epidemiology (genome-based
restricted maximum likelihood) (Yang et al., 2011). Twin heritability is not available in
the literature and we do not have sufficient twin pairs in our data. Therefore, we cannot
perform the analysis for twin h2 as in the single-disease contracts. To have a sense of what
selection would look like with higher heritability, we report results under a back-of-the-
envelope assumption: that the ratio of twin h2 to the SNP h2 equals the average ratio across
the eight diseases. We stress that the particular value of h2 should be taken with a grain of
salt.

Step 2. Generating the private risk distributions. For all four scenarios, we
generate the distribution of private risk for the disease for all the individuals in our sample.
We use Equation (4) along with the parameter estimates obtained from Step 1, the PGI (for
Scenarios 2-3), and the age-adjusted covariates (described next) to estimate each individual’s
risk of contracting the disease by age 65. For Scenarios 3L and 3U, we do not observe Gf ,
so for each individual we draw 100 values from its probability distribution conditional on Gc

and W (given by Lemma 1 in the Appendix) and use these to generate the risk distribution.
Individuals in the data range in age from 39 to 86. Our set of covariates W (see Table 3)

includes age as well as a number of age-dependent covariates, such as BMI, blood pressure,
hypertension, and whether one ever had menopause (for breast cancer for females) or a
prostate specific antigen (PSA) test (for prostate cancer for males). Because age and a
number of these covariates are important predictors of risk for all the diseases, we set age

21

PRELIMINARY DRAFT: DO NOT CIRCULATE OR CITE



to 65 and adjust the most age-dependent covariates to their expected values at age 65 when
using Equation (4) to estimate the risk of contracting the disease by age 65. The Online
Appendix describes how we adjust these age-dependent covariates for age.

Step 3. Identifying the individuals in the risk classes. To identify the individuals
in the standard and high risk classes, we use the risk distribution we generated for Scenario
1. That distribution is based on the non-genetic covariates only, which is what insurers use
to construct the risk classes. Individuals whose risk is between 0.75 times to 1.25 times the
average population-wide risk are assigned to the standard risk class, and those whose risk is
between 1.75 to 2.25 times that average risk are assigned to the high risk class.

Step 4. Estimating the implicit tax. For each scenario, we use the scenario’s risk
distribution from Step 2, limited to the individuals in the standard (or high) risk class. We
compute Hendren’s implicit tax measure for all percentiles of the distribution. Our main
measure of the amount of selection that is likely to ensue is the minimum implicit tax up to
the 80th percentile, which we denote t80. We compare that measure with previous estimates
for other market segments of the insurance industry.

5 Case Study: prostate cancer
We now apply the methodology to a detailed case study: CII for prostate cancer. We
consider typical male CII buyers in young adulthood. Each buyer can buy a one-time
insurance contract that pays a lump sum if he contracts prostate cancer by age 65.

The risk distributions for prostate cancer under Scenarios 1-3 is illustrated in the left
panel of Figure 1, Section 1.1. Consider first Scenario 1, with only non-genetic covariates.
The distribution is bimodal because family history is an important explanatory variable.
However, there is still a significant amount of variation due to other covariates.

Overall, there is considerable variation in non-genetic risk. Therefore, there would be a
significant amount of selection if insurers had to treat all consumers equally. In practice,
insurers underwrite policies based on non-genetic covariates, classify consumers into the
aforementioned risk classes, and price these differentially. As mentioned, we will focus on
consumers in the standard risk class, shown in blue in Figure 1. Since insurers treat these
equally, any variation in risk within the risk class effectively is private information. Thus,
the blue area in Figure 1, Scenario 1, corresponds to the distribution of non-genetic private
risk P for the standard risk class.

We now consider selection under the current prediction technology. Figure 1, Scenario
2, shows in blue the distribution of private risk R (the expectation of a loss conditional
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on covariates and the current PGI) for the standard risk class consumers. The current
PGI adds considerable explanatory power (it explains an additional 9.3% of the variance
in liability in addition to the 23.6% already explained by W). The distribution of private
risk is more spread out and is now one-humped because the explanatory power of the coarse
family history variable is mostly superseded by that of the fine-grained PGI. Thus, even for
the consumers in the standard risk class, who look like average risks based on observable
covariates, the current PGI introduces significant spread in private risk R. This suggests
that, were these consumers to have access to their genetic predictions, there would be a
non-negligible amount of selection.

The amount of selection grows considerably with future prediction technology. Figures 1
Scenarios 3L and 3U plot, in blue, the distribution of private risk for the standard risk class
based on future-day PGIs. Scenario 3L uses the lower bound for the future PGI’s R2 based
on prostate cancer’s SNP heritability, and Scenario 3U uses the upper bound based on the
twin heritability.

We can use the implicit tax to quantify the amount of selection and compare it to that
in previously studied insurance markets. Figure 1, right panel, plots the implicit taxes in
the four scenarios for consumers in the standard risk class. Following Hendren (2013), we
focus on the minimum implicit tax up to the 80th percentile, t80.

In Scenario 1, with the non-genetic covariates only, t80 is equal to 6.8%. This minimum
occurs at the 80th percentile.18 This means that a consumer at that risk percentile would
have to pay 6.8% more than his actuarially fair price, if he were charged the actuarial fair
price for the segment of consumers with equal or higher risk than his. All consumers at
lower risk percentiles face higher implicit taxes. This level of t80 has been observed in many
well functioning insurance markets (Hendren, 2013), consistent with insurers not using the
non-genetic covariates to define narrower risk classes in underwriting.

In Scenario 2, with the current-day PGI (with an R2
c of 11.2%—see Table 1), t80 is now

60.8%. This implies that adverse selection would already be significant with today’s genetic
prediction technology, were all consumers to have routine access to their genetic predic-
tion. This situation is completely different from the current reality. Today, the majority of
consumers have never been genotyped do not have detailed predictions of their risk of con-
tracting prostate cancer and other diseases. Scenario 2 should be interpreted as the amount
of selection in a counterfactual with the current prediction technology, but also with widely
used genetic prediction.

In Scenario 3L, with a future PGI that explains as much as prostate cancer’s SNP heri-
18In all four scenarios, the implicit tax is a strictly decreasing function of percentile, so the minimum up

to the 80th percentile occurs exactly at the 80th percentile.
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tability (R2
f = 18%), adverse selection increases considerably, with t80 now reaching 85.8%.

And in Scenario 3U, with a future-day PGI with predictive power equal to the twin her-
itability (R2

f = 57%), adverse selection increases dramatically, with t80 reaching 451.7%.
The implicit taxes in Scenarios 3L and 3U—which we see as lower and upper bounds for
future genetic prediction technology—are considerably higher than what Hendren (2013)
found even in market segments that had completely unraveled and that insurers refused to
cover. This suggests the market for CII for prostate cancer may unravel if future genetic
prediction technology becomes widely available.

The figures also plot the implicit tax at low risk percentiles, where the implicit tax
explodes. The implicit tax at the 20th percentile—that for marginal consumers in the market
segment that includes the most risky 80% of the consumers—is very high in all three scenarios
with private genetic information. The reason is that, with future genetic prediction, there is
a considerable mass of consumers who know they have virtually null risk of ever contracting
prostate cancer. To cover most consumers, we need consumers with negligible risks to pay
the price of an average risk. This division by a small number creates the exploding implicit
tax.

We can summarize the results for this case study of prostate cancer as follows. With the
current prediction technology, if all consumers were informed of their genetic predictions,
there would already be a significant amount of selection. If tests were widely available,
selection would at least be clearly noticeable to market participants. With future prediction
technology, there would be a crippling amount of selection. It is unlikely that this type of
insurance product could survive unravelling under the current genetic information ban for
insurers.

6 Main results
We now discuss our results for all eight single-disease CII contracts, and for the bundled
CII contract. Figure 2 reports our estimates of the minimum implicit tax up to the 80th
percentile of risk (t80) for each disease and under each scenario, and Table 4 reports detailed
results. Though there are some important nuances, the big picture is broadly consistent with
the results for prostate cancer. There are three main findings.

First, the level of selection under current genetic prediction technology and with widespread
testing (Scenario 2) would be noticeable. The implicit tax t80 ranges from 14% for lung can-
cer to 85% for Alzheimer. The next lowest minimum implicit taxes after lung cancer are the
ones for coronary artery disease and the bundled contracts, at around 20%, in the mid range
of market segments where Hendren (2013) found no unraveling. The t80 for breast cancer
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Figure 2: Minimum implicit tax up to the 80th percentile (t80). The figure displays t80 within the standard
risk class for each of the single-disease CII contracts, as well as the bundled contracts, in the four scenarios.
The striped blue area corresponds to the range of t80 observed by Hendren (2013) in market segments that
had not unraveled, and the striped red area corresponds to the range for market segments that had unraveled.
The red horizontal lines for the tallest bars indicate that these bars’ heights exceed the figure’s.

and type 2 diabetes are between the ranges of no unraveling and unravelling. The contracts
for the other three diseases—schizophrenia, prostate cancer, and Alzheimer’s—have mini-
mum implicit taxes that are all within or above the range observed in market segments that
had unraveled. Again, though Scenario 2 assumes today’s genetic prediction technology, it
also assumes that all consumers have access to their genetic risk predictions, which does not
reflect the situation today. These Scenario 2 results suggest that current prediction technol-
ogy is already sufficiently accurate to make adverse selection noticeable, and that the main
question is when genetic predictions will become widely available.

The second main finding is that, with the expected predictive power of future PGIs,
adverse selection will become crippling for many contracts. In Scenario 3L—where PGIs’
future R2’s are conservatively assumed to be equal to the diseases’ SNP heritabilities—the
minimum implicit tax t80 ranges from 31% for the bundled contract for females to >1,000%
for Alzheimer’s. Only the bundled contracts are below the level where Hendren found unrav-
elling, and for males the implicit tax of 40% is close to the unraveling region. Some contracts
have implicit taxes considerably higher than what Hendren (2013) found even in market seg-
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ments that had unravelled. The detailed plots in the Online Appendix show that implicit
taxes are high throughout the distribution. The raw histograms of private risk display con-
siderable skewness even for consumers who are in the standard risk class. In Scenario 3U—in
which future PGIs explain as much as the diseases’ twin heritabilities, which we consider
upper bounds—minimum implicit taxes are even higher, exceeding 100% for seven out of
eight single-disease contracts, and exceeding 1,000% for three of the eight diseases. Even
the bundled contracts display high implicit taxes of 76% (females) and 115% (males). These
findings suggest that, with widespread testing and future prediction technology, many CII
contracts will not be viable.

The third main finding is that there is substantial variation between the contracts. The
minimum implicit taxes seem to be mainly driven by two factors: the predictive power
of the PGI, and how much predictive power is additional to covariates (Table 4). To see
this, consider the following examples in Scenario 3L. Alzheimer’s and schizophrenia have the
highest SNP h2. Accordingly, they have the highest implicit taxes. In the opposite end of
the spectrum, the bundled contracts and lung cancer have the lowest SNP h2, the the lowest
increase in R2 when Gf is added to the model (Table 4, Scenario 3L, ∆R2). Accordingly,
these three contracts display the lowest implicit taxes.

7 Discussion and Extensions

7.1 Bundled Contracts

The bundled contracts are the most representative of typical CII contracts. For that reason,
we now describe the bundled contract results in more detail. Figure 3 displays the risk
distributions and implicit taxes for males. There are three main takeaways.

First, the broad pattern from the single-disease CII contracts holds. There is noticeable
selection with the current PGI (Scenario 2), and serious, potentially crippling selection with
future PGI depending on the assumed heritability (Scenarios 3L and 3U).

Second, bundled contracts display considerably less adverse selection than the single-
disease CII. For example, under scenario 3L, implicit taxes are below Hendren’s unravelling
range for the bundled contracts, but in the unravelling range for all single-disease contracts.
This suggests that bundling may be sufficient to keep selection to an acceptable level, and
that this type of CII contract could be offered in a relatively well-functioning market even if
genetic predictions are widely available. This seems to be especially true if the predictability
of future PGIs is close to the SNP lower bound.

Third, the bundled contract for females is considerably less selected than that for males.
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Table 4: Summary of main results

ALZ BRC CAD CRC LUC PRC SCZ T2D anyDx anyDx
Sex M & F F only M & F M & F M & F M only M & F M & F F only M only
Sample size 405,730 184,142 410,858 410,688 399,843 181,642 410,858 410,858 177,803 170,170
Cases 2,628 11,697 49,174 9,340 5,098 13,927 925 31,759 34,392 52,467

Panel A. Explanatory power of non-genetic covariates (W) and PGIs
Scenarios 1-3

R2 of W 36.4% 7.7% 37.2% 12.0% 22.2% 23.6% 19.8% 40.0% 30.4% 42.5%
Scenarios 2

R2 of Gc 6.5% 6.8% 3.0% 2.5% 1.0% 11.2% 5.8% 8.6% 2.5% 3.7%
R2 of Gc & W 41.3% 13.7% 38.4% 14.3% 22.6% 32.9% 23.1% 44.3% 31.6% 44.2%
∆R2 of Gc 4.9 pp 6.0 pp 1.2 pp 2.3 pp 0.3 pp 9.3 pp 3.4 pp 4.4 pp 1.2 pp 1.7 pp

Scenarios 3L
R2 of Gf 33.1% 14.0% 22.0% 9.0% 7.5% 18.0% 24.0% 19.6% 8.1% 12.5%
R2 of Gf & W 63.2% 20.4% 48.0% 20.5% 26.3% 38.8% 35.9% 50.5% 34.4% 50.3%
∆R2 of Gf 26.8 pp 12.7 pp 10.8 pp 8.6 pp 4.0 pp 15.2 pp 16.1 pp 10.5 pp 4.0 pp 7.7 pp

Scenarios 3U
R2 of Gf 58.0% 31.0% 40.0% 40.2% 38.0% 57.0% 79.0% 72.0% 25.6%* 39.5%*
R2 of Gf & W 86.3% 36.9% 61.6% 55.1% – 73.6% 86.2% 91.6% 44.5% 77.8%
∆R2 of Gf 49.9 pp 29.2 pp 24.4 pp 43.2 pp – 50.0 pp 66.5 pp 51.7 pp 14.1 pp 35.3 pp

Panel B. Risk of contracting disease (r) by age 65, conditional on non-genetic covariates (W) only
Full analysis sample

Mean 0.2% 5.7% 8.2% 1.8% 1% 5.3% 0.2% 5.7% 15.1% 26%
SD 0.1 pp 1.7 pp 8.9 pp 1.1 pp 1.9 pp 2.1 pp 1.1 pp 8.1 pp 10 pp 14.7 pp

Standard risk class (r = 0.75–1.25 of sample mean)
Mean 0.1% 5.4% 8% 1.7% 1% 5% 0.2% 5.5% 14.4% 25%
SD 0.0 pp 0.7 pp 1.2 pp 0.2 pp 0.1 pp 0.8 pp 0.0 pp 0.8 pp 2.1 pp 3.7 pp

Panel C. Minimum implicit tax up to the 80th percentile of the disease risk distribution (t80)
No individual underwriting by insurers (same premium for all)

Scenario 1 75.1% 28.6% 114.8% 42.9% 206.5% 27.9% 389.4% 134.6% 79.3% 81.9%
Standard risk class (r = 0.75–1.25 of full sample mean)

Scenario 1 6.8% 7.2% 6.5% 6.4% 6.4% 6.8% 5.6% 5.9% 7.9% 9.0%
Scenario 2 85.5% 39.0% 19.6% 28.6% 14.0% 60.8% 48.3% 41.7% 17.9% 21.6%
Scenario 3L 1060.6% 62.1% 66.4% 62.4% 49.3% 85.8% 188.2% 73.9% 31.3% 40.3%
Scenario 3U >1,000% 123.9% 136.3% 404.7% – 451.7% >1,000% >1,000% 75.8% 114.8%

Notes: In Panel A, the reported R2 are on the pseudo-R2 on the liability scale (defined in the text). The R2’s
of the non-genetic covariates and of the current PGI (Gc) are estimated in the data; in Scenarios 3L and 3U,
the R2 of the future PGI (Gf ) is assumed to be equal to the disease’s SNP heritability and twin heritability,
respectively, and the joint R2 of the future PGI and the covariates is obtained from our econometric model.
The ∆R2 of a PGI is its incremental predictive power, defined as the difference between the R2 of the PGI
and the covariates jointly and the R2 of the covariates only. References for the heritability estimates are
listed in Supplementary Table 1. The four scenarios are defined in the text.
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Risk Implicit Tax

Scenario 1: non-genetic covariates

Scenario 2: non-genetic covariates and current PGI

Scenario 3L: non-genetic covariates and future PGI with lower-bound SNP heritability

Scenario 3U: non-genetic covariates and future PGI with upper-bound twin heritability

Figure 3: Bundled CII Contract: Risk Distribution and Implicit Tax
Notes: Left panel: distribution of the risk of contracting any of the eight diseases (anyDx) by age 65,
conditional on various information scenarios and computed in the UKB data (N = 170, 170). The standard
risk class is shaded blue. The vertical blue line marks the average population risk (r̄ = 0.25). Right panel:
implicit tax for consumers in the standard risk class. The sub-figures show the implicit tax, as a function of
the consumer’s risk.
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The bundled contract for females is the only contract that is within the range of mar-
kets where Hendren found no unravelling in Scenario 3L. The difference between males and
females is consistent with the higher heritability of common diseases that affect males dispro-
portionately (prostate cancer and cardiovascular disease), versus the common disease that
affects females (breast cancer). The difference also gives an example that the amount of
selection in a given contract is subtle, and that even contracts that are superficially similar
can have significant differences in risk distributions and hence in implicit taxes.

7.2 Incomplete Takeup of Testing

We reported results assuming that 100% of consumers will perform genetic testing and be
aware of their probabilistic predictions. However, there is great uncertainty and broad debate
about how common genotyping will be in the future. The modal expert opinion seems to
be that genotyping will be extremely common, so that near 100% takeup is a reasonable
scenario. The motivation for this standard view is the following. The costs of genotyping
are already in the same order of magnitude as a blood test, and likely to go down further.
Moreover, genotyping only has to be done once in a patient’s lifetime. And, with improved
prediction technology, the medical utility of genotyping will be so high that it is done for
virtually the entire population. Consistent with the standard view, there are currently a
large number of venture capital funded startups trying to offer genotyping and probabilistic
predictions to consumers.

To understand how the results change under lower takeup, we calculate our results under
different takeup rates. The analysis has three main takeaways. First, the amount of selection
usually goes down with lower takeup. In particular, with very low takeup, as is the case
today, there would not be much selection regardless of the available prediction technology.
Second, under the standard view that takeup will be close to 100%, the results are similar
to those reported in the main text.

The third main takeaway is that incomplete takeup generates kinks and nonmonotonic-
ities in the implicit tax function. The main reason is that the risk distributions are not
continuous. Consider the counterfactual where 50% of consumers in the standard risk class
perform the genetic test. Then the histogram of risks is a mix of a distribution with support
in the standard risk class (for untested consumers) and another histogram with full support
(for tested consumers). The discontinuity induces kinks and non-monotone regions in the
implicit tax.
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7.3 Policy implications

Market failures under genetic information bans. Most developed countries ban insur-
ers from using genetic information. Our findings suggest that, if genetic information becomes
widely available, the bans will lead to a high degree of adverse selection in CII. In particular,
the measured implicit taxes suggest complete unravelling of the markets for most of the
single disease contracts we studied.

On the demand side, genetic information is also likely to make this market failure larger
and more noticeable. For example, our results for prostate cancer imply that between 5.5%
and 10% of the standard risk class consumers will learn from future genetic tests that their
risk of contracting prostate cancer by age 65 is over 15%, and between 1% and 6% will learn
that their risk is over 25%. Many of these consumers would rationally demand exactly the
kind of CII that genetic testing will make difficult to provide.

Optimal Policy Responses. While genetic predictions are new, selection is a standard
issue in insurance markets. There is a large amount of research and practical experience
on how to regulate selection markets to address the market failures due to asymmetric
information (Einav et al., 2010b, 2021, 2023). The problem of regulating genetic information
in insurance is similar. Therefore, we can draw on extensive research and practical experience
from other selection markets.

Appendix ?? gives a brief overview of the literature and of standard policy instruments.
In the case of CII, a natural policy is a combination of community rating, subsidies, and
risk adjustment. Community rating are rules that limit price discrimination. The current
ban on genetic underwriting is a community rating regulation. Community rating improves
redistribution across consumers, but generates adverse selection. Some level of community
rating is desirable, to help high-risk consumers, but perhaps less than a full ban on genetic
price discrimination, due to the large amount of adverse selection. Likewise, subsidies might
be desirable to increase efficiency and help vulnerable populations, at the cost of spending tax
revenue. Finally, risk adjustment are cross subsidies to insurers based on the populations
they enroll. Risk adjustment is an important policy to guarantee high-quality insurance
offerings in settings with adverse selection. See Appendix ?? for further discussion.

Political Economy Issues. Improving on the status quo policy of banning insurers
from using genetic information is politically complex. For example, the existing bans on
insurers’ use of genetic testing is aimed at helping consumers. However, if a market such
as CII unravels, all consumers will be worse off, because they will not get any insurance at
all. A law that allows insurers to underwrite based on genetic information would benefit all
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consumers—including the high risk ones—because they would then at least be able to get
some insurance. However, high-risk consumers may be upset about the high premiums they
would have to pay. Thus, even consumers who would benefit from the law would probably
oppose it after the fact.

Policies specific to genetic testing. Some existing policy proposals are specifically
aimed at regulating genetic information in insurance. The most well-known is Tabarrok’s
(1994) idea for genetic insurance. Tabarrok (1994) proposes a mandatory insurance contract
to anyone taking a genetic test for the first time. The proposed insurance would calculate,
for each consumer, some expected loss due to the makeup of their genes. Tabarrok (1994)
shows that, under certain assumptions, this policy is second-best optimal.

Interestingly, our risk histograms suggest that the premiums for Tabarrok’s proposal
might be large. Consider a Tabarrok contract that values incurring prostate cancer at
$100,000. Before taking a genetic test, each consumer would have to deposit ∼$5,000, based
on the average probability of contracting prostate cancer by age 65 (and neglecting interest
rates). Moreover, with the future prediction technology, a fair number of these consumers
would have a negligible chance of contracting prostate cancer, and therefore would get almost
none of their deposit back after taking the genetic test. The premiums will be much higher
if the Tabarrok contract includes many diseases. The main reason for these large numbers is
that many diseases are polygenic, and that PGIs have high and increasing predictive power.
In contrast, at the time Tabarrok (1994) developed the idea, it was thought that genetic
testing would involve only a handful of rare monogenic diseases for which genetic tests give
either a positive or negative result. For example, Huntington’s disease affects less than 1
in 10,000 people. So the deposit would be less than ∼$10. Most consumers would get the
deposit back, and the few unlucky consumers would receive the ∼$100,000 lump sum.

While genetic insurance is an interesting idea in such a setting, it would be challenging
to implement it in a setting with common polygenic diseases and continuous PGIs. It
may be politically fraught to ask consumers with healthy genes to foot the bill for all the
premiums being paid. This will be especially unfair to the consumers who have a low genetic
predisposition to serious diseases, but eventually have the bad luck of developing a serious
disease like cancer. These consumers will both contract a serious disease and have get no
payout from genetic insurance. Moreover, it would be difficult to agree on a set of diseases
to be covered and on the covered amounts.

Another possibility is to consider industry-led solutions. For example, one natural idea
is to allow consumers to disclose that they have not taken a genetic test at the time of
purchasing a CII policy. This would allow at least some consumers to purchase CII with
little genetic adverse selection. Whether this idea would be feasible depends on overcoming
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two main practical hurdles. The first is that it must be detectable and enforceable to void
policies of consumers who get tested in secret. The second is that strategic lapsation does
not lead to too much adverse selection.

7.4 Advantageous Selection

So far, we measured selection by looking exclusively at the distribution of risk in the popula-
tion. However, in standard equilibrium models, selection depends both on heterogeneity in
risk and in how risk correlates with insurance demand (Akerlof, 1970; Azevedo and Gottlieb,
2017). de Meza and Webb (2001) shows that it is possible to have advantageous selection
if, for example, low-risk consumers also have higher demand for insurance, because of risk
aversion for example. Fang et al. (2008) find clear evidence of advantageous selection in
Medigap insurance. And Finkelstein and McGarry (2006) find that demand for long-term
care insurance varies on dimensions unrelated to risk. Therefore, non-risk dimensions of
private information can be important, and in principle could affect our conclusions.

Fortunately, the UKB includes a survey measure of risk aversion. Appendix XXX reports
the correlation of risk aversion with the diseases we study, the bundle of diseases, and their
PGIs. In all cases, we find extremely low correlations. This suggests that it is unlikely that
there exists a negative strong correlation between risk and risk aversion. So it is unlikely
that such correlations could have a large impact on our main findings of significant levels of
selection in Scenario 3.

More generally, the high levels of selection that we find make it somewhat unlikely that
non-risk determinants of insurance demand are sufficiently negatively correlated with risk
to overturn the main qualitative findings. That said, the UKB risk aversion measure is a
very limited proxy for insurance demand, so it is always possible that other dimensions of
private information would significantly dampen the amount of selection. We also stress that
our results are specific for the CII contracts we study. It is plausible that other dimensions
of private information reduce the amount of genetic selection in different insurance markets.

7.5 Changes in Consumer Behavior after Testing

One of the main potential benefits of genetic testing is preventive medicine. The idea is that
genetic tests should be used to treat patients who are prone to a disease even before the
disease manifests itself. A particularly active area today is preventive cardiology.

This kind of change in behavior would, in principle, reduce the amount of selection due
to genetics. Consider a single-disease CII contract. If we assume that patients with a higher
PGI for the disease take more preventive actions that reduce the disease probability, we will
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find less selection.
In practice, this effect is unlikely to substantively affect our main findings. We find very

high levels of selection for most contracts. So, given plausible assumptions about the takeup
of preventive actions and the effectiveness of these actions, this is unlikely to reduce selection
so much as to overturn the main findings. This is especially true of cancers because known
preventive actions have limited efficacy.

Another point in this discussion is that genetic tests are potentially an extremely valuable
technology. Understanding the unintended consequences of this technology is important
because society can mitigate any harms, while still taking advantage of the benefits of the
technology.

7.6 Firms with an Informational Advantage

There are a few theoretical papers about insurance markets where insurers have private
information.19 Genetic testing could make such theoretical assumptions plausible in some
institutional settings. For example, consider a future where insurers are allowed to underwrite
based on genetics, tests are widely available, but consumers do not have the sophistication
to interpret the tests. This would correspond to a model where insurers receive private
information but consumers do not.

The simplest and most robust prediction of this type of model is in the competitive case.
If insurers just compete their profits to zero, they will offer actuarially fair insurance to each
consumer. Thus, even if consumers couldn’t interpret the genetic tests, they will be able
to assess their risk by getting insurance quotes. Thus, it is irrelevant whether consumers
can or cannot interpret the genetic tests. Equilibrium is the same regardless. Equilibrium
is efficient, in the sense that each consumer is charged her true cost for insurance. But
equilibrium can be seen as very unfair, as a consumer who is unlucky in the genetic lottery
will face high prices.

Interestingly, assuming that the level of selection is so high that a ban on testing would
lead to complete unravelling, then allowing insurers to do genetic underwriting benefits all
consumers. Nevertheless, a planner who cares about redistribution can likely do better with
some community rating and subsidies (see Section 7.3).

19See Brunnermeier et al. (2021) and references therein.
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8 Conclusion
We developed a methodology to measure adverse selection in insurance markets due to
genetic information. There are three key innovations to our approach. First, we use large-
scale genetic and loss micro-data as inputs. Second, we consider genetic prediction based on
PGIs, which depend on many common genetic variants, as opposed to some rare mutations.
Whereas rare mutations can have large effects, they are too rare to generate substantial
adverse selection. Third, our methodology uses heritability estimates as reasonable bounds
for the future predictive power of genetic prediction, which allows us to estimate how selection
will change as prediction technology improves.

We apply our methodology to CII contracts using data from the UKB. We find that,
if genetic testing becomes widespread, there would be noticeable selection with the current
prediction technology. The amount of selection would be crippling with the expected future
prediction technology.

We also highlight some limitations to our findings. First, our methodology ignores lap-
sation and interest rates: it assumes consumers can buy one-time contracts at a young age,
whereas in reality consumer can renew their contracts and must pay premiums annually
until they contract a covered disease. Second, our methodology does not take into account
heterogeneity in risk preferences and insurance demand. It would be interesting to measure
selection in equilibrium models that take these into account. Third, our counterfactual sce-
narios assume that genetic testing will be commonplace and that test results will be widely
available and understood. Section 7.2 shows that there should be less selection with lower
takeup of genetic testing.

Future work should seek to address these limitations and to apply our methodology to
larger markets like life, health, and long-term care insurance.
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APPENDIX

A Theory
A.1 Definition of the Implicit Tax
Consider an insurance contract that pays $1 if a loss happens, and otherwise charges a
premium. For the contract to break even with a consumer with risk r, the premium has to
be

r

1− r
.

Consider now the case where this policy is purchased by all consumers with risk r or
greater. In that case, for the policy to break even the premium would have to be

E[R|R ≥ r]

1− E[R|R ≥ r]
.

The consumer with risk r would have to pay T (r) times the actuarially fair price, where

T (r) :=
E[R|R ≥ r]

1− E[R|R ≥ r]

/
r

1− r
.

Hendren (2013) calls T (r) the “pooled price ratio”. To make exposition more intuitive, we
define the implicit tax t(r) as

1 + t(r) := T (r). (A.1)
So t(r) is the implicit tax that a risk r consumer would have to pay due to selection if she
were charged an actuarially fair price for all higher-risk consumers.

A.2 Proof of Theorem 1
Here we prove that the model is identified under Assumptions (1)-(5) (Theorem 1). The
proof uses the following Lemma.

Lemma 1. Conditional on Gc = gc and W = w, Gf is normally distributed with mean

agc + bwθ
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and variance c2, where

a =

1
σ2
ϵ

1
σ2
ϵ
+ 1

σ2
V

,

b =

1
σ2
V

1
σ2
ϵ
+ 1

σ2
V

,

1

c2
=

1

σ2
ϵ

+
1

σ2
V

.

Proof. By Assumption 2, conditional on W = w, Gf = wθ + V , with V ∼ N(0, σ2
V ). And

by Assumption 3, Gc = Gf + ϵ, with ϵ ∼ N(0, σ2
ϵ ). Lemma 1 then follows from the formula

in Gelman et al. (2013, p. 40, Equation 2.10). This is a standard formula from Bayesian
statistics.

Proof of Theorem 1. We will show that the parameters Γ = (PW, β, θ, σ
2
V , σ

2
ϵ ) are functions

of Pdata. PW is trivial because W is observed. We now turn to the other parameters.

Part 1: θ
Assumption 4 implies that

E[Gc|W = w] = wθ. (A.2)
Assumption 1 implies that there is a set of w’s in the support of PW that span the entire
space. So θ is the vector of coefficients of a regression of Gc on W.

Part 2: σ2
ϵ

By Assumption 4, there exists a latent variable L for disease such that

L := Gβg + wβw + η,

where η ∼ N(0, 1), η ⊥ (W , V, ϵ), and D = {L > 0}.
Let the pseudo-R2 of a probit regression of D on the current PGI be R2

c . R2
c is a function

of the data. R2
c equals

R2
c =

Cov[L,Gc]
2

Var[Gc]Var[L] .

The pseudo-R2 of a probit regression of D on the future PGI is

R2
f =

Cov[L,Gf ]
2

Var[Gf ]Var[L] .

Therefore, using the fact that Cov[L,Gf ] = Cov[L,Gc] and Var[Gc] = 1,

R2
c

R2
f

=
Var[Gf ]

Var[Gc]
= Var[Gf ].
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Assumption 3 implies that

Var[Gc] = Var[Gf ] + σ2
ϵ .

Plugging in the formula above we have

σ2
ϵ = 1− R2

c

R2
f

. (A.3)

Part 3: σ2
V

Assumptions 3 and 2 yield
Gc = Wθ + V + ϵ.

Taking the variance we find
1 = Var[Wθ] + σ2

V + σ2
ϵ ,

so that
σ2
V = 1− Var[Wθ]− σ2

ϵ . (A.4)

Part 4: βg
By Assumption 4, the probability of a loss is

Φ(Gfβg + Wβw).

Equivalently,
D = {Gfβg + Wβw + η > 0},

where η is a standard normal random variable orthogonal to W, V, ϵ. Consider the distribu-
tion of D conditional on Gc = gc and W = w. Lemma 1 implies that

Gf = agc + bwθ + cν,

where ν is a standard normal random variable independent of η.
Therefore, conditional on Gc = gc and W = w,

D = {(agc + bwθ + cν)βg + wβw + η > 0}
= {gcaβg + w(bθβg + βw) + η + cνβg > 0}

=

{
gc

aβg√
1 + c2β2

g

+ w bθβg + βw√
1 + c2β2

g

+
η + cνβg√
1 + c2β2

g

> 0

}
.

The last term is distributed as N(0, 1). Therefore

Pr(D = 1|Gc = gc,W = w) = Φ

[
gc

aβg√
1 + c2β2

g

+ w bθβg + βw√
1 + c2β2

g

]
. (A.5)
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Let γ be the coefficient vector of a probit regression of D on Gc and W. Then

aβg√
1 + c2β2

g

= γg.

This equation implies that βg has the same sign as γg. Taking the square of both sides
and solving, we find

βg =
γg√

a2 − γ2gc
2
. (A.6)

This result implies that γg < a/c.

Part 5: βw
By equation (A.5) and using the fact that the support of W includes a set that spans

the entire space (Assumption 1),

bθβg + βw√
1 + c2β2

g

= γw.

Then
βw = γw

√
1 + c2β2

g − bθβg. (A.7)
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A Background on the genetics of complex disease

This study investigates common medical conditions that develop from the interplay of many genes
and the environment, which genetic epidemiologists refer to as complex (or non-Mendelian) disease
(Schork, 1997). Scientific advances have established that complex diseases are typically polygenic,
i.e., there is a very large number of genetic variants involved and most have only a small or tiny
individual effect (Visscher et al., 2021). However, the total genetic effect—the heritability—is often
substantial and it explains, on average, about 50% of the variation in disease liability (Polderman
et al., 2015). This knowledge implies that the risk of a complex disease cannot be predicted well from
only a smaller and more easily characterized set of genes. Instead, a polygenic liability threshold
model that measures a large number of genetic variants together with environmental variables is
now considered the more appropriate model (Chatterjee et al., 2016).

To understand how genetic data can be used to predict a person’s risk of a complex disease, recall
that the human genome is a roughly 3-billion bases long sequence encoded in DNA (NHGRI, 2023).
This sequence consists of four possible nucleotide bases: adenine (“A”), cytosine (“C”), guanine
(“G”), and thymine (“T”). The two complementary strands that make up the DNA molecule are
connected by bonding base pairs, like the rungs on a ladder, where A always bonds with T, and
C with G. This rule means that the information content of both strands can be recorded perfectly
from a single strand (e.g., the molecularly distinguishable “forward” strand).

Each parent passes on stretches of DNA organized as 22 chromosomes and a sex chromosome,
which come together as 23 chromosome pairs in the offspring. Below, we exclude the sex chromo-
somes because most large genetic association studies omit these from analysis (Sun et al., 2023).
This decision will not impact the results much because the sex chromosomes generally contribute
the least to the heritability of complex traits and disease (<5%) (Visscher et al., 2006). Thus, each
genomic position along the sequence on the (non-sex) chromosome pairs consists of two base pairs,
one that gets passed on by the mother (e.g., A on the forward strand, and T on the reverse strand)
and one by the father (e.g., G and C on the forward and reverse strand, respectively).

The nucleotides at most positions in the genome are identical for everyone (NHGRI, 2023).
Nucleotides that do vary are called single-nucleotide polymorphisms (SNPs, “snips”), which can
be viewed as the smallest unit of genetic variation.1 Most SNPs are bi-allelic, meaning that only
two possible nucleotide bases (“alleles”) have ever been observed on the forward strand in human
populations (in our example, A and G are the two possible alleles).2 The two alleles are denoted as
the major or minor based on their frequencies. SNPs with a minor allele frequency (MAF) greater
than 1% are often described as “common SNPs”, while SNPs with MAF <1% are described as
“rare”. About twenty million common SNPs have been observed in the global human population
(Auton et al., 2015), which thus concerns <1% of all nucleotides in the genome.

1The SNPs tag variation within and outside of genes (protein-coding regions) and different types of structural
variation (Sudmant et al., 2015), such as copy number variants (CNVs), but we ignore these. Focusing on the SNPs
alone captures the bulk of the heritability of complex traits (Yengo et al., 2022).

2We exclude SNPs with more than two possible alleles from our analyses; multi-allelic SNPs are the exception.
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To create a variable that captures the most relevant information at a given SNP, geneticists
arbitrarily select one of the two possible nucleotides, label it as the reference allele, and then sum the
number of non-reference (or “effect-coded”) alleles; a SNP variable suitable for regression analysis
thus takes the values 0, 1, or 2. Continuing our above example, if we select the A nucleotide to
be the reference allele, then this person would be coded as having 1 effect-coded (G) allele, while
the combinations A/A and G/G would be coded as 0 and 2, respectively. For more details, see
Beauchamp et al. (2011), Benjamin et al. (2012), or Uffelmann et al. (2021).

B Details on the polygenic indexes (PGIs)

The genome-wide association study (GWAS) approach tests millions of SNPs, one-by-one, for
statistical association with a trait or disease of interest. This relatively simple approach has proven
much successful in discovering replicable SNP-associations. Large-scale GWAS are now uncovering
novel SNP-associations at an unprecedented rate (Tam et al., 2019). To achieve sufficient sample
size, the largest published GWAS are usually a meta-analysis of results derived in multiple biobanks
and many smaller contributing cohort-level datasets. The GWAS regression coefficients (or effect
sizes) for a set of SNPs can be used as weights to compute genetic predictor variables out-of-sample
called polygenic indexes (PGIs).3 Many experts predict that PGIs will play a major role in the
future of genetic screening and precision medicine (Torkamani et al., 2018).

Here, we computed PGIs using a well-documented set of about 1 million SNPs, specifically the
SNPs covered by the reference map of the International HapMap 3 Consortium (Altshuler et al.,
2010). This is a standard set of SNPs used in the literature on PGI (Becker et al., 2021), and this
set is known to capture the majority of the heritability attributable to common SNPs (MAF >1%)
in populations of European (EUR) ancestry (Ge et al., 2019; Yengo et al., 2022). Our protocol for
computing PGIs aligns with recent studies, e.g., Becker et al. (2021) or Ge et al. (2019), and with
recent scientific guidelines (see, e.g., Figs 1–2. in Choi et al., 2020).

For each individual in the data that passed our sample quality-control procedure (described
below), the PGI for disease D (e.g., breast cancer) is the weighted sum of the number of effect-
coded alleles over a set of SNPs, with each allele weighted by its corresponding GWAS coefficient.
In notation, the PGI (G) for a disease D is defined as:

G = X b̂,

where X is a row vector with the number of effect-coded nucleotides of each SNP and b̂ is a column
vector with each SNP’s GWAS coefficient on D. The next section describes how we searched and
gathered GWAS “summary statistics” (i.e., regression coefficients, standard errors, and other per-
SNP information), to use as PGI weights. Importantly, these weights must be estimated in data
independent of the UK Biobank. Below, we apply PRS-CS to adjust the weights for the fact that
GWAS do not fit the SNPs jointly in the same regression model.

3Other commonly seen names include “genetic/genomic/polygenic (risk) scores”.
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Because there is a lack of well-powered GWAS in non-European populations (Ruan et al., 2022),
we restricted our analyses to European ancestry (EUR) samples. Nevertheless, all regressions
below were adjusted for the possibility of population stratification by including the first ten genetic
principal components (PCs) as control variables (Choi et al., 2020). We used the standard set of
genetic PCs that are distributed with the genetic data release (Data Category 22009).

B.1 Details on the GWAS, quality control (QC), and meta-analysis

In summary, we computed PGIs using large-sample GWAS summary statistics for the following
eight diseases of interest: Alzheimer’s disease (ALZ, effective N (Neff ) = 126,275),4 breast can-
cer (BRC, Neff = 236,094), colorectal cancer (CRC, Neff = 117,486), coronary artery disease
(CAD, Neff = 162,973), lung cancer (LUC, Neff = 98,001), prostate cancer (PRC, effective Neff

= 137,933), schizophrenia (SCZ, effective Neff = 146,348), and type 2 diabetes (T2D, Neff =
193,440). The study references are listed in section G Acknowledgments. Additional details on the
GWAS summary statistics are reported in Supplementary Table [ST. Prev h2].

To find the GWAS summary statistics, we searched four prominent public databases hosted
by the scientific community. The four databases were the GWAS Catalog (Buniello et al., 2018),
the GWAS Atlas (Watanabe et al., 2019), the Polygenic Score Catalog (Lambert et al., 2021), and
the PGI Repository (Becker et al., 2021). The objective was to find the largest published GWAS
meta-analysis on each of our diseases of interest. Because the UK Biobank is a standard dataset
to include in GWAS meta-analysis, it has become common practice for authors to share, alongside
their main results, a hold-out version of the meta-analysis that withholds the UK Biobank data,
which we aimed to find. The latest search was done on January 19, 2024.

For breast cancer, coronary artery disease, prostate cancer, schizophrenia, and type 2 diabetes
we were able to identify publicly available hold-out versions of the largest GWAS published on these
diseases (minimum effective N = 137,933). However, for Alzheimer’s disease, colorectal cancer, and
lung cancer, we could not find any public hold-out summary statistics, and not all cohort-level files
were publicly available. Therefore, for these three diseases, we meta-analyzed the subset of cohort-
level files that we could find in the public domain, and compensated for the loss of sample size by
including recent summary statistics derived by the FinnGen Biobank (Kurki et al., 2023). After
the quality control described next, we combined the cohort-level files by fixed-effect meta-analysis
using the METAL software (Willer et al., 2010).

Each downloaded summary statistics file first underwent GWAS quality control (QC), which is
standard practice (Winkler et al., 2014). Our GWAS QC-protocol was based on the often-cited pro-
tocol developed by the Social Science Genetic Association Consortium (SSGAC) (Karlsson Linnér
et al., 2019; Okbay et al., 2022), which is a continuation of the older “industry-standard” protocol
of the GIANT consortium (Winkler et al., 2014). The QC-protocol serves two main purposes: (1)
to remove SNPs that for technical reasons are likely to worsen the signal-to-noise ratio of the PGI

4The effective sample size metric penalises the total sample size of an imbalanced case-control regression so that
it matches the expected statistical power of a balanced analysis with 50% cases/controls (Grotzinger et al., 2022).
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(e.g., rare SNPs); and (2) to ensure that SNP coordinates, effect-coded alleles, and other per-SNP
statistics get aligned across files (e.g., to align them all with the “forward strand” in the genome
reference data).

The protocol was applied using the EasyQC software package (Winkler et al., 2014) and it
removed (i) multi-allelic or non-SNP variants (e.g., indels), (ii) SNPs on the sex chromosomes,
(iii) SNPs with MAF <0.5% (the PRS-CS procedure below additionally removes SNPs with MAF
<1% in the reference data), (iv) SNPs that could not be matched with the genome reference data
the Haplotype Reference Consortium (HRC) (McCarthy et al., 2016), and (v) SNPs with a MAF
deviating more than 0.2 from the reference frequency in the HRC data. Because the imputation
quality metric was missing from most of the public summary statistics files, we did not filter on this
metric. However, we note that most of the downloaded files were already filtered on imputation
quality by the original studies, and secondly, that the HapMap 3 are often imputed well. Lastly, the
QC-procedure produces a series of diagnostic plots, see Winkler et al. (2014), which were inspected
without finding any conspicuous issues.

B.2 Details on the PRC-CS adjustment

Before computing PGIs, it is standard practice to adjust for the correlation structure between
SNPs (“linkage disequilibrium”, LD) (Choi et al., 2020). The two main approaches used in the
literature are either (i) to prune the set of SNPs in the PGI to remove correlated and/or weakly
associated SNPs, but this approach discards predictive information, or (ii) to keep the correlated
and/or weakly associated SNPs and instead adjust their GWAS coefficients with more sophisticated
statistical procedures. Here, we decided for (ii) and adjusted the GWAS coefficients by applying
the recommended PRS-CS technique and software (Ge et al., 2019; Choi et al., 2020).

This method aims to improve the signal-to-noise ratio by applying a continuous shrinkage prior
in penalized regression to down-weight correlated and/or weakly associated SNPs. The PRS-CS
adjustment has been shown to perform well for several of our diseases of interest and similar to
alternative methods like LDpred2 (Privé et al., 2020). By default, PRS-CS restricts the set of SNPs
to those covered by the reference map of the International HapMap 3 Consortium (Altshuler et al.,
2010), followed by removing any SNPs with MAF <1% in the 1000 Genomes reference panel. We
ran the software using its default parameters. Finally, we used the PLINK2 software (Chang et al.,
2015) to compute the PGIs in the UK Biobank imputed genetic data, using the PRC-CS adjusted
GWAS coefficients as the weights (b̂).

B.3 Details on Alzheimer’s disease and the APOE region

The APOE region on chromosome 19 (coordinates 45,384,477–45,432,606, human reference genome
build 37/hg 19) has a well-established large effect on the risk of Alzheimer’s disease, see e.g.,
Scheltens et al. (2021) or Lambert et al. (2013). There are six primary risk types of the gene
product apolipoprotein E (ApoE), called ϵ2/ϵ2 through to ϵ4/ϵ4. These risk types can be assayed
by measuring only two “tag-SNPs” (rs7412 and rs429358) (Faul et al., 2021). The greatest disease
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risk is conferred by the C nucleotide of rs429358, which has a considerably larger effect than rs7412.
Genetic testing for APOE status has been available for years and is standard information to receive
in consumer genetic health reports (Ryan et al., 2021). To our knowledge, the insurance industry
has not yet adopted APOE status as a routine underwriting factor. Therefore, we decided not to
model APOE status as an observed covariate, but rather as a component of the PGI.

Because the tag-SNP rs429358 is missing from the HapMap3 reference set of SNPs, and because
the APOE region has extensive correlation structure, we modeled APOE status as follows. During
the GWAS QC, we excluded the genomic region chr19:43,000,000–48,000,000 from the summary
statistics for Alzheimer’s disease. This 5 Megabase (Mb) exclusion region, which covers ∼8.1% of
chr 19, was decided by first identifying the furthest SNPs on each side of rs7412 and rs429358 with a
pair-wise squared correlation of r2 >= 0.01 (computed with the HRC reference data). Thereafter, to
be extra cautious, we expanded the window on each side by one additional Mb, followed by rounding
to the nearest preceding/succeeding Megabase (i.e., 43Mb and 48Mb). In genetic terminology, we
excluded the entire “linkage-disequilibrium region”, including a safety margin, from the PGI for
Alzheimer’s disease. Next, we scored the two tag SNPs separately using their (unadjusted) GWAS
coefficients and then merged this two-SNP score with the genome-wide PGI (adjusted with PRS-CS)
that excluded the APOE region.

To ensure that this “augmented” version of the PGI for Alzheimer’s disease was successful in
capturing APOE status, we benchmarked it against the standard approach of modeling APOE risk
types with dummy variables. Online Appendix Figure 1 shows that the dummy variables could
successfully capture APOE status in ad hoc logistic regression. The benchmark showed that the
“augmented” PGI for Alzheimer’s achieved marginally better fit than the approach using dummies.
On their own, the two APOE tag SNPs explained about 4.2% of the variance (pseudo-R2) of the
liability of Alzheimer’s disease. In total, the augmented PGI explained 6.5% of the variance. Thus,
most of the signal of the final PGI for Alzheimer’s disease comes from the two tag-SNPs.

C Genotype data, ancestry, and sample quality control

The source of the study genetic data is the harmonized genetic data resource collected, maintained,
and distributed by the UK Biobank (Data Category 100319). This resource is described in detail
by Bycroft et al. (2018). Imputed genetic data is available for about 487,000 participants. The
total number of imputed genetic variants is about 97 million, but the vast majority of these have
not yet been tested in GWAS because they are rare. There are about 10.3 million imputed variants
with MAF >1% in the UK Biobank.

To restrict the UK Biobank sample to participants of EUR ancestry, we relied on the approach
described in Karlsson Linnér et al. (2019). Specifically, participants were considered to be of EUR
ancestry if they (i) self-reported to have “White”, “White British”, “White Irish”, or “Any other
white background” ethnic background (Data Field 21000), and (ii) have a value on the first genetic
PC that is ≤0. This approach identifies 447,863 participants that both cluster tightly together on
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the genetic PCs, and this cluster is distributed distinctly from the other major genetic population
groups, suggesting shared EUR genetic ancestry.

Next, we applied the following sample-level quality control by analyzing the pre-computed
quality metrics distributed with the imputed genetic data resource (Data Category 100313). Par-
ticipants were removed in case of (1) a mismatch between self-reported and genetic sex (Data Fields
31, 22001), (2) evidence of sex-chromosome aneuploidy (Data Field 22019), (3) being classified as
an outlier on either genotype heterozygosity or missingness rates (Data Field 22027).

C.1 Inspection of PGI distributions

We inspected the distributions of the PGIs (Online Appendix Figure 2) to examine (1) whether
the distributions departed from normality and (2) whether the distributions showed any differences
by sex. The only PGI that departed noticeably from normality was that of Alzheimer’s disease,
which had trimodal distribution because of the large risk conferred by APOE, and specifically the
e3/e4 and e4/e4 risk types (see Online Appendix Figure 1). All other PGIs were approximately
normally distributed. Next, we could not identify any meaningful differences in distribution by sex.
Nevertheless, we standardized the PGIs to mean zero and unit variance separately by sex.

D Health data and control variables

The UK Biobank has collected self-reported information on a large number of health, disease, psy-
chological, and socioeconomic variables by a touchscreen questionnaire administered at the baseline
assessment. This resource is described in detail by Sudlow et al. (2015). The baseline assessment
occurred in 2006–2010. A total of 9.2 million invitation letters were sent to people aged ∼40–69
years. It was also possible to enter the study by volunteering. The touchscreen procedure was
followed by a structured follow-up interview by a trained nurse to verify and map the self-reported
medical conditions to standardized diagnostic categories, as well as to run various physiological
measurements and lab assays. The most recent version of the study data were refreshed and down-
loaded from the UK Biobank Access Management System on June 19, 2023.

Since the baseline assessment took place, the UK Biobank has been enriched by linkage with
several electronic health record data sources. The main linked electronic health record sources
are (i) primary care records (Category 3000), (ii) hospital inpatient records (Category 2000), (iii)
national cancer registries (Category 100092), and (iv) national death registries (Category 100093).
These linked data are still accruing. Unfortunately, because of the UK’s decentralized system for
primary care records, source (i) primary care records are not yet linked for all participants (about
45% of the participants have been linked thus far). Nevertheless, because the disease outcomes
we study are fairly serious, and because the cancer and death registries are largely complete, we
consider it unlikely that we are missing a substantial number of disease cases because of the missing
primary care records. However, we acknowledge that the UK Biobank participants have been found
to be healthier than the general population (Schoeler et al., 2023), and healthy volunteer bias is a
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plausible source of missing disease cases in our data.
The data availability over time varies for the linked electronic health record sources. The

primary care records go as far back as 1938 for some participants. The hospital inpatient records
only go back to 1981 for Scotland, 1991 for Wales, and 1997 for England. The cancer registry goes
back to 1957 for Scotland, and to 1971 for England and Wales. The death registry captures all
deaths among UK Biobank participants after they joined the biobank. Lastly, the self-reported data
has the best lifetime coverage because the participants were asked to recall their lifetime medical
histories, but this source may suffer from imperfect recall and other such errors. Nevertheless, the
combination of self-reported medical history with several distinct electronic health records sources
provide the opportunity to study lifetime medical histories.

D.1 Coding of the disease outcomes and comorbidities

This section details how we coded the disease outcomes and control variables for statistical analysis.
Our starting point for coding the disease outcomes for statistical analysis is the “First occurrence
of health outcomes” resource (Category 1712), which is generated and distributed by the UK
Biobank. This resource is a harmonization and merge of the self-reported medical data with the
linked electronic health record sources. However, because the “First occurrence” resource excludes
cancer codes, and because it is updated at periodic intervals that differ from the periodic updates
of the underlying sources (i–iv), we merged in the most recent data from all sources (i–iv).

The disease outcomes are recorded in the data using the International Classification of Disease
(ICD) version 10, censored to first three letters (e.g., C50 “Malignant neoplasm of breast”). To
re-code the ICD10 codes into disease outcomes suitable for statistical analysis, we relied on the
established and widely used “Phecode” mapping system (Denny et al., 2013; Bastarache, 2021). A
feature of the Phecode system is to merge the many subcategories of the ICD-code system into a
single general disease outcome. For example, the primary ICD10 code for Alzheimer’s disease is G30,
while there are sub-codes to distinguish early from late age of onset. The Phecode system merges
these sub-types into a single code, 290.11 “Alzheimer’s disease”. Secondly, it combines redundant
or alternative codes spread across ICD chapters, e.g., although the official chapter for breast cancer
is C50, there are alternative codes that some doctor’s may use, such as “D05 Carcinoma in situ of
breast”. In the latest version, the Phecode mapping system condenses some 90,000 ICD-10 codes
into about 1,900 Phecodes (Bastarache, 2021).

The mapping of ICD10 codes to Phecodes for our eight diseases of interest is reported in
Supplementary Table [ICD Phecode]. With the exception of coronary artery disease, our diseases
of interest could all be captured by a single Phecode. To code coronary artery disease, which
is defined as a collection of many underlying heart and circulatory conditions, we relied on the
approach of the previous literature and considered the entire ICD10 Chapter I20–I25 “Ischaemic
heart diseases” (Aragam et al., 2022), which maps to a total of six different Phecodes. The next
section describes the selection of control variables and some of those are comorbidities, e.g., asthma
or bipolar disorder. The comorbidities were coded analogously using the Phecode system. Online
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Appendix Figure 4 shows the risk our eight diseases of interest as predicted by PGI deciles.

D.2 Epidemiological risk factors and the coding of control variables

An important contribution of this study is to control for existing information that overlaps with
predictive signal of the PGI. Therefore, we carefully reviewed the epidemiological literature and
clinical guidelines of public health organizations (e.g., the National Cancer Institute or the Centre
for Disease Control) to identify the main observable risk factors that are used in consensus by
clinicians for screening or diagnostic purposes. As such, this information is likely to be relevant
and accessible to insurance companies during medical underwriting. Supplementary Table [Risk
factors] report the disease-specific risk factors that were identified. The selection of epidemiological
risk factors was verified independently by two medical doctors.

The UK Biobank data was rich enough for us to code almost all the risk factors and comor-
bidities identified by the review. A handful of risk factors were eventually omitted or proxied (see
Panel B in Supplementary Table [Risk factors]), either because they were unspecific, e.g., diet, or
because of limited data availability, e.g., substance use. Instead, the effects of diet were proxied
by relevant anthropometric measures or biomarkers, such as BMI, hypertension, systolic blood
pressure, and hypercholesterolemia. Similarly, general psychopathology was proxied by bipolar
disorder, depression, and a neuroticism score. Only three risk factors were omitted completely:
brain injury, cannabis use, and substance use. Notably, we were able to code family history (fa-
ther, mother, or siblings) for the eight diseases except schizophrenia, which was proxied by family
history of depression.

The data fields used to code each risk factor are reported in Supplementary Table [Covariates].
We defined a set of ten baseline covariates that were included in all the analyses: age (at the most
recent observation), sex (omitted from any sex-specific analysis), Townsend’s deprivation index,
education (years of schooling), BMI, alcohol consumption (drinks per week), smoking (never vs.
former vs. current smokers), physical inactivity, systolic blood pressure, and a genotyping array
dummy to control for that part of the sample was genotyped on a different genotyping array. These
ten baseline covariates were always accompanied by the first ten genetic PCs.

Next, Supplementary Table [Covariates] also reports the disease-specific covariates. The risk
factors and comorbidities were coded either as continuous variables or as dummies, with the excep-
tion of BMI and alcohol consumption (drinks per week) that were coded as percentile ranks. The
reason is that the percentile ranks remain more stable as people age (for more information, see the
next section D.3). Also, because not all female participants have yet reached the menopause, we
imputed the value zero in the covariate for age at menopause (or hysterectomy), which was mod-
elled together with a dummy to control for menopause (or hysterectomy) status. Supplementary
Table [Descriptive stats] reports sample descriptive statistics.
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D.3 Interpolation of age-dependent covariate values

An objective of this study is to predict the lifetime risk of disease by a particular age (e.g., age a

= 65). The data is informative of the age of onset for the medical conditions and comorbidities
we study, but for most participants, we only observe their covariate values once (at the baseline
assessment in 2006–2010). Therefore, in any exercise that predicts the risk of disease by a particular
age, the values of age-dependent covariates were interpolated to expected values. We did not
interpolate any time-fixed covariates (e.g., genotyping array dummy) or covariates that are mostly
stable in older populations, such as education (years of schooling) or age at first menstruation, nor
the handful of geographical variables based on the home address at the time of recruitment, such
as the Townsend’s deprivation index or air pollution. Supplementary Table [Covariates] reports
which covariates were eventually interpolated.

To determinate whether each potentially age-dependent covariate depended on age, and thus,
should be selected for interpolation, we regressed the covariates on a polynomial of age to the
fourth degree. Whenever the polynomial explained more than 1% of the variation, the covariate
was interpolated. Otherwise, we used the observed value both in the estimation and the prediction
steps. Also, to be consistent across our eight diseases of interest, the family history variables were
always interpolated, though we found that some did not depend on age.

The interpolation procedure was done separately by sex. For continuous covariates, we first ran
a linear regression of each covariate on the age polynomial to model the covariate as a function
of age: f(a) = a1 × age + a2 × age2 + a3 × age3 + a4 × age4 + e. For binary covariates, we used
logistic regression. The estimated regression coefficients were then used to project the values of
the covariate for each year of age observed in the data (i.e., 39–86 years). For binary covariates,
probabilities were projected. Below, we interpolate the observed values for a participant of age ai

by subtracting the difference between f(a|a = ai) and f(a|a = 65).
We found that none of the age-dependent covariates in this study decrease as a function of

age. Instead, in most cases, the age polynomial predicted a monotonic increase in the covariate.
However, for a few covariates, the polynomial predicted slight non-monotonicity at the top and
bottom of the age distribution (see, e.g., age >80 in the Online Appendix Figure 3, panel “Breast
cancer screening” or “Prostate cancer screening”). Therefore, we decided to force monotonicity over
the entire age range by fitting a cubic smoothing spline as implemented in the R package “mgcv”.
The smoothing had little to no effect on most age groups in the data (see the figure).

Lastly, for continuous covariates, we interpolated the age-dependent covariates by subtracting
the difference between f(a|a = ai) and f(a|a = 65) from the observed values. E.g., among women,
the age polynomial predicted a blood pressure of 125 at age 50, and 135 at age 65. A woman of age
50 would thus be interpolated to x – (125 – 135) = x + 10, where x is the observed value. Similarly,
a woman of age 80 would be interpolated to x – (145 – 135) = x – 10. In other words, because all
covariates were observed to increases as a function of age, the procedure effectively increased the
values of the age-dependent covariates for participants below 65, and decreased the values for those
older than 65.
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For binary covariates, we interpolated predicted probabilities among participants below age a

who had not experienced the event of the covariate, as well as among individuals above age a

who had experienced the event (but for which we could not observe the age of the event). Again,
we subtracted the difference between f(a|a = ai) and f(a|a = 65) from the observed values. For
example, the probability that a woman of age 40 and who had not yet experienced hypertension was
interpolated as 0 – (0.02 – 0.2) = 0.18 (i.e., the probability of experiencing the event between age ai

and 65). Similarly, the probability that a woman of age 80 and who had experienced hypertension
was interpolated as 1 – (0.6 – 0.2) = 0.6. We did not modify the values of participants of ai < a

and who had already experienced the event before age a, nor of participants of ai > a and who had
not (yet) experienced the event.
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E Extended econometric model: considering the SNP and non-
SNP components of Gf separately

As discussed in the main text, when we assume that a future PGI’s accuracy is equal to the
disease’s twin heritability (as an upper bound), Assumption 3 (Noisy current-day PGI) is likely to
be violated, because it is unlikely to be the case that ϵ ⊥ W. In this Appendix, we explain in more
detail why this happens. We also introduce an extended econometric model that deals with this
issue by separately considering what we call the SNP and non-SNP components of the future PGI
Gf , at the cost of additional assumptions.

To see why it is unlikely that ϵ ⊥ W in a scenario where we assume a future PGI accuracy equal
to the disease’s twin heritability, recall that twin heritability captures the fraction of the variance
in the disease liability L that is attributable to all genetic variants; by contrast, SNP heritability
is the fraction of the variance attributable to SNPs in the data. To reach an accuracy that exceeds
a disease’s SNP heritability, a future PGI will necessarily have to rely on non-SNP variants.

Next, consider a future PGI Gf with accuracy equal to the twin heritability. Gf will is equal to
the true additive genetic factor G∗ and is the expected value of the disease liability L conditional
on all genetic variants (Xall) under an additive genetic model:

Gf := E[L|Xall] = Xall b∗
all.

Let G1,f represent the part of Gf that is captured by the SNPs (XSNPs):

G1,f := E[L|XSNPs] = XSNPs b∗
SNPs.

Finally, let G2,f represents part of Gf that is not captured by the SNPs:

G2,f := Gf −G1,f .

Under Assumption 3 from the econometric model in the main text, Gc is noisy estimate of Gf :
Gc = Gf + ϵ. Substituting G1,f +G2,f for Gf yields

Gc = Gf + ϵ = G1,f +G2,f + ϵ = G1,f + ϵ̃,

where ϵ̃ = G2,f + ϵ. This equation captures the reality that Gc is constructed with the available
SNP data and is thus a noisy signal of G1,f , rather than of Gf as per Assumption 3.

When the accuracy of Gf is equal to the SNP heritability, if one lets G2,f = 0 and Gf = G1,f ,
then ϵ̃ = ϵ ⊥ W and Assumption 3 plausibly holds. But when the accuracy of Gf is equal to the
twin heritability, then G2,f ̸= 0 and ϵ̃ = G2,f + ϵ is unlikely to be orthogonal to W, thus violating
Assumption 3.
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E.1 Assumptions and theorem

We now extend our econometric model to separately consider the SNP and non-SNP components
G1,f and G2,f of Gf . The extended model does not assume that ϵ ⊥ W, but additional assumptions
are needed to identify the model.

Our extended model is fully specified by P′, the joint distribution of (D,Gc, G1,f , G2,f ,W).
While the current-day PGI Gc can be observed in the UKB data by the econometrician, the
future-day PGI Gf = G1,f + G2,f cannot. Define the distribution of the observed data as a joint
distribution P′

data over (D,Gc,W). We say that the model is identified if there is a unique value
of P′ consistent with P′

data.
We now state the assumptions of the extended model. We maintain Assumptions 1, 4, and 5,

but modify Assumptions 2 and 3 and augment Assumption 5 to relate these to G1,f and/or G2,f

(instead of only Gf ). We maintain the assumption numbering from the main text but add a ′

when an assumption is modified. In addition to the updated Assumptions 1-5, we need a novel
assumption (Assumption 6) to describe the relationship between G2,f and the covariates W; the
relationship between G1,f and the W can be estimated from the PGI Gc, which is a noisy estimate
of G1,f , but there is no corresponding noisy estimate of G2,f . For ease of reference, we state all the
assumptions of the extended model, including those that are unchanged from the main text.

Assumption 1 is unchanged:

Assumption 1. [Covariates’ distribution] W is distributed according to a distribution PW in
Euclidean space. The support of W spans the entire space.

We replace Assumption 2 by the following:

Assumption 2’. [Gaussian future-day PGI] Conditional on observables, the SNP and non-SNP
components of the future PGI each have have a Gaussian distribution. For each component, the
variance is constant and the mean is a linear function of observables:

G1,f := Wθ1 + V1, (1)

G2,f := Wθ2 + V2, (2)

with V1 ∼ N(0, σ2
V1
), V2 ∼ N(0, σ2

V2
) and V1, V2 ⊥ W.

We modify Assumption 3 to make it about G1,f rather than Gf :

Assumption 3’. [Noisy current-day PGI] The observed current-day PGI Gc has unit variance,
Var[Gc] = 1, and is a noisy estimate of G1,f :

Gc := G1,f + ϵ, (3)

with ϵ ∼ N(0, σ2
ϵ ) and ϵ ⊥ (W, V1).

Assumption 4 is unchanged:
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Assumption 4. [Probit disease model] Disease probabilities follow a linear probit model:

Pr[D = 1|Gf = gf , Gc = gc,W = w] = Φ(gfβg + wβw). (4)

Under assumptions (1)-(4), the distribution P′ has parameters

Γ′ := (PW, β, θ1, θ2, σ
2
V1
, σ2

V2
, σ2

ϵ ).

The data can be generated by taking independent draws of W ∼ PW, V1 ∼ N(0, σ2
V1
), V2 ∼

N(0, σ2
V2
), and ϵ ∼ N(0, σ2

ϵ ). Equations (1) and (2) then determine the future PGI Gf = G1,f+G2,f ;
Equation (3) determines the current PGI Gc; and the disease D is realized with probability given
by Equation (4).

As in the baseline econometric model from the main text, we need an additional assumption
to identify the model. Here, we need to modify Assumption 5 to make it about both Gf and G1,f

rather than about Gf only. This Assumption states that we know the predictive power of both
the future PGI (R2

f ) as well as that of its SNP component (R2
1,f ); in practice, we can assume the

former to be equal to the disease’s twin heritability and the latter to its SNP heritability:

Assumption 5’. [Future PGI predictive power] The pseudo R2 on the liability scale of a probit
regression of D on Gf equals a known constant R2

f ; and the pseudo R2 on the liability scale of a
probit regression of D on G1,f equals a known constant R2

1,f .

Finally, to identify the extended model, we also need one novel assumption. Because we do not
observe a measure of G2,f (unlike for G1,f , for which we observe Gc), we cannot estimate θ2 by
regressing such a measure on W. We thus need one additional assumption to identify the model:

Assumption 6. [Covariates and the non-SNP component of the future PGI] θ2 is proportional to
θ1, and the R2 of a regression of G2,f on W is equal to that of a regression of G1,f on W:

θ2 = αθ1 for a scalar α, and
Var[Wθ2]

Var[G2,f ]
=

Var[Wθ1]

Var[G1,f ]

We are now ready to state the identification result.

Theorem 1’ Under assumptions (1), (2’), (3’), (4), (5’), and (6), the model is identified.

The proof is provided below. The intuition for it is similar to that for the proof of Theorem 1
in the main text. As for Theorem 1, PW is identified because W is observed; the coefficients θ1 are
the coefficients of a regression of Gc on W; and the variance σ2

ϵ is identified from G1,f ’s assumed
future predictive power, the estimated predicted power of Gc in the data, and the variance of Wθ1.
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The coefficients θ2 as well as σ2
V1

can be obtained from the estimated coefficients θ1, using the
assumed predictive power of the future PGI and of its SNP component together with the assumed
relationship between θ1 and θ2 (Assumption 6). Finally, as for Theorem 1, the coefficients β are
related to the coefficients of a probit regression of D on Gc and W. Once the other parameters are
known, β can be computed from that regression’s coefficients.

E.2 Proof of Theorem A1

Here we prove that the extended econometric model that considers G1,f and G2,f separately is
identified under Assumptions (1), (2’), (3’), (4), (5’), and (6) (Theorem 1’).

Proof. First, observe that if we consider only the SNP component G1,f of Gf and let—for the time
being—Gf = G1,f (i.e., let θ2 = σ2

V 2 = 0 so that G2,f = 0), then Assumptions (2’), (3’), and (5’)
become identical to Assumptions (2), (3), and (5) of the (non-extended) econometric model in the
main text. From the proof of Theorem 1, under these Assumptions together with Assumption 1,
we know that θ1, σ2

ϵ , and σ2
V1

are identified. Thus, under Assumptions (1), (2’), (3’), and (5’), these
parameters are identified.

We still have to show that θ2, σ2
V2

, and βg and βw are identified in our extended econometric
model.

Part 1: θ2

The pseudo-R2 on the liability scale of a probit regression of D on Gf is defined as the share of
the variation in the probit regression liability that is accounted for by Gf :

V ar[Gfβ]

Var[Lr]
,

where β is the coefficient from the probit regression of D on Gf and Lr = Gfβ + η is the liability
in that regression. Let L′

r := Lr/β and η′ = η/β. So

L′
r = Gf + η′ = G1,f +G2,f + η′,

with Gf , G1,f , G2,f ⊥ η′ and G1,f ⊥ G2,f . It follows that the pseudo-R2’s on the liability scale in
regressions of D on Gf , Gf,1, and Gf,2 are given by

R2
f =

Var[Gf ]

Var[L′
r]

, R2
1,f =

Var[G1,f ]

Var[L′
r]

, and R2
2,f =

Var[G2,f ]

Var[L′
r]

.

Thus, R2
2,f = R2

f −R2
1,f .

By Assumption (6), θ2 = αθ1 for a scalar α, and

Var[Wθ2]

Var[G2,f ]
=

Var[Wθ1]

Var[G1,f ]
=

α2Var[Wθ1]

Var[G2,f ]
.
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Observe that Var[G1,f ] = R2
1,fVar[L′

r] and that Var[G2,f ] = R2
2,fVar[L′

r].
It follows that

α2 =
Var[G2,f ]

Var[G1,f ]
=

R2
2,f

R2
1,f

=
R2

f −R2
1,f

R2
1,f

.

Thus,

θ2 = αθ1, with α =

√√√√R2
f −R2

1,f

R2
1,f

.

Under Assumption 5’, R2
f and R2

1,f are known quantities, so θ2 is identified.
In practice, it will make sense to assume R2

f = h2twin and R2
1,f = h2SNP . Then,

α2 =
h2twin − h2SNP

h2SNP

.

Part 2: σ2
V2

By Assumption (2’), Var[G1,f ] = Var[Wθ1] + σ2
V1

. It follows from Assumption (6) that

Var[G2,f ] = α2Var[G1,f ] = α2
{

Var[Wθ1] + σ2
V1

}
= Var[Wθ2] + α2σ2

V1
.

By Assumptions (2’), Var[G2,f ] = Var[Wθ2] + σ2
V2

. So

σ2
V2

= α2σ2
V1

.

Part 3: βg

By Assumption (4), the probability of a loss D is

Φ(Gfβg + Wβw).

Equivalently,
D = {Gfβg + Wβw + η > 0},

where η is a standard normal random variable orthogonal to W, V1, V2, ϵ. Consider the distribution
of D conditional on Gc = gc and W = w. Lemma 1 from the proof of Theorem 1 implies that

G1,f = agc + bwθ1 + cν,

where ν is a standard normal random variable independent of η, a = 1
σ2
ϵ
/( 1

σ2
ϵ
+ 1

σ2
V1

), b = 1
σ2
V1

/( 1
σ2
ϵ
+

1
σ2
V1

), and 1
c2

= 1
σ2
ϵ
+ 1

σ2
V1

.
And from Assumption (2),

G2,f = wθ2 + V2.

So Gf = G1,f +G2,f = (agc + bwθ1 + cν) + (wθ2 + V2).
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Therefore, conditional on Gc = gc and W = w,

D = {[(agc + bwθ1 + cν) + (wθ2 + V2)]βg + wβw + η > 0}

= {gcaβg + w(bθ1βg + θ2βg + βw) + η + cνβg + V2βg > 0}

=

gc
aβg√

1 + (c2 + σ2
V2
)β2

g

+ w bθ1βg + θ2βg + βw√
1 + (c2 + σ2

V2
)β2

g

+
η + (cν + V2)βg√
1 + (c2 + σ2

V2
)β2

g

> 0



The last term is distributed as N(0, 1). Therefore

Pr(D = 1|Gc = gc,W = w) = Φ

gc aβg√
1 + (c2 + σ2

V2
)β2

g

+ w bθ1βg + θ2βg + βw√
1 + (c2 + σ2

V2
)β2

g

 . (5)

Let γ be the coefficient vector of a probit regression of D on Gc and W. Then

aβg√
1 + (c2 + σ2

V2
)β2

g

= γg.

This equation implies that βg has the same sign as γg. Taking the square of both sides and
solving, we find

βg =
γg√

a2 − γ2g (c
2 + σ2

V2
)
. (6)

This result implies that γ2g < a2/(c2 + σ2
V2
).

Part 4: βw

By equation (5) and using the fact that the support of W includes a set that spans the entire
space (Assumption 1),

bθ1βg + θ2βg + βw√
1 + (c2 + σ2

V2
)β2

g

= γw.

Then
βw = γw

√
1 + (c2 + σ2

V2
)β2

g − bθ1βg − θ2βg. (7)
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F Overview of Policy Responses

We will give a brief overview of the literature on the regulation of selection markets. We also discuss
how the ideas relate to genetic private information. Regulation of selection markets balances two
goals: efficiency and redistribution. Efficiency aims to maximize total economic surplus. Redistri-
bution tries to help particular groups. Redistribution includes solidarity towards consumers with
lower wealth, worse health status, or genes that are predictive of serious illnesses. The standard
regulatory playbook can be divided in three approaches.

The first approach is laissez-faire regulation. That is, allowing firms to set prices as they wish,
with minimal regulation focused on the financial solvency of insurers. The standard example is life
insurance. Life insurance costs have a large predictable component because age and health status
are highly predictive of mortality. In most countries, insurers are free to use these variables when
underwriting policies. The laissez-faire approach minimizes adverse selection. In life insurance, it
is thought that there is relatively little adverse selection, and that insurers often predict mortality
better than consumers (Gottlieb and Smetters, 2021). However, the laissez-faire approach ignores
redistribution. The elderly and other consumers with high mortality pay higher premiums. This is
deemed acceptable in life insurance because premiums are a small part of most consumers’ income,
and redistribution is not a first-order issue.

The second, and opposite, approach is government provision. In developed countries, basic
health insurance is publicly provided. One reason is that redistributive issues are central in health
insurance. Insurance costs are usually considerable relative to personal income because healthcare
represents a substantial share of GDP (18% in the United States). In most countries, there is
widespread agreement that the destitutes should be granted some level of care, and that high-cost
consumers such as the elderly should be subsidized (Einav et al., 2023). For these reasons, basic
health insurance coverage is publicly provided in most developed countries. Public provision of any
kind of insurance has three main potential drawbacks. First, the public sector may be less efficient.
Second, innovation can be curbed, especially for innovative products like critical illness insurance.
Third, the quality of public coverage might be inefficiently too high or too low.

The third approach is managed competition. Managed competition combines private pro-
vision with regulations to improve market performance. In the United States, examples include
individual health insurance exchanges and insurance options sponsored by large employers. In
most other developed countries, the main example is complementary health insurance. Managed
competition involves four main kinds of regulations: community rating, mandates, subsidies, and
risk adjustment. Community rating imposes restrictions on what variables insurers can use to set
prices. Community rating is used for redistribution reasons (such as lowering premiums for the
elderly) but has the cost of increasing adverse selection (Handel et al., 2015). Mandates impose
penalties on consumers who do not purchase insurance, and subsidies lower the prices of policies;
these are important for increasing the number of consumers who purchase policies, which otherwise
tends to be inefficiently too low due to adverse selection (Geruso et al., 2021; Chade et al., 2022;
Veiga and Levy, 2022). Risk adjustment is a type of subsidy to insurers who cover sicker patients.
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Risk adjustments and other subsidies are thought to be important to guarantee that firms don’t
offer contracts that provide inefficiently low coverage (Glazer and McGuire, 2000).

Consider how these standard approaches would work in the case of genetic information and CII.
The laissez-faire approach would be to allow companies to underwrite based on genetic information.
It is likely that companies would require genetic testing, much like they require medical exams
today. This would lead to little adverse selection. The downside of this policy is that critical illness
insurance would be very expensive for consumers with high risk. For example, consider a consumer
with a 25% risk of developing prostate cancer. This consumer would have to pay $25,000 in lifetime
premiums for a $100,000 CII contract for prostate cancer. Our results suggest that, with improved
prediction technology, many consumers would be in this situation, which might create pushback
against the laissez-faire approach.

The public provision approach would be for governments to publicly provide CII to all con-
sumers. This strikes us as being unlikely to be popular. Most people do not hold CII, and it seems
like providing it to a broad segment of the population might be unpopular.

The managed competition approach includes a broad menu of options. In fact, the current
policy of genetic information bans falls within managed competition. A genetic information ban is
simply a community rating regulation. Our results suggest it is likely that this type of community
rating will lead to high levels of selection in the future. In that case, industry participants and
regulators may want to address selection with policies like risk adjustment and subsidies. The
design of efficient policies would depend on empirical work, along the lines of existing research on
current selection markets.
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Figure 1: The effect of APOE risk type status on the risk of Alzheimer’s disease. The error bars
represent 95% confidence intervals. The odds ratios were estimated among 405,729 UK Biobank
participants with logistic regression controlling for age, sex, and the first ten genetic PCs. The
percentages report the observed proportion of cases by each APOE risk type. The APOE status
variable could explain about 4.2% of the variance on the latent disease scale.
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Schizophrenia Type 2 diabetes

Figure 2: Histograms of the PGI distributions
Notes: The histograms display the distribution of the PGIs for our eight diseases of interest. The PGIs were
standardized to mean zero and unit variance separately by sex. The PGI for Alzheimer’s disease has three modes
because this PGI captures the APOE risk types, for more information please see section B.3.
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Figure 3: Interpolation of covariate values (selected examples)
Notes: The figure shows the predicted values (blue dots) from a regression of the covariate on a polynomial of age
to the fourth degree. For binary covariates, the predicted values are probabilities. Green dots show the sample
means by year of age. The red line shows a cubic smoothing spline applied to the predicted values to force
monotonicity at the youngest and oldest ages. The interpolation procedure is described in section D.3.
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Figure 4: Observed and predicted disease risk by deciles of the PGIs
Notes: The figures display the proportion of (observed) disease cases by PGI decile, as well as the predicted disease
risk (i.e., a probability) as estimated with an ad hoc probit regression of each disease on the the PGI together with
age, sex, the first ten genetic PCs, a dummy for genotyping array.
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