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Abstract

Recent advances have substantially improved our ability to predict dis-
ease risk with genetic data. In response, many countries have banned insurers
from using genetic data, despite concerns about adverse selection. This paper
measures adverse selection in a market where insurers can underwrite only
on non-genetic information while consumers also have access to genetic in-
formation. We do so by combining methods from quantitative genetics, selec-
tion measures from economic theory, and genetic and electronic health record
data on nearly 500,000 individuals in the UK Biobank. We focus on the criti-
cal illness insurance market and consider scenarios in which consumers have
access to current or expected future genetic prediction technology. We find no-
ticeable levels of selection with current prediction technology, and potentially
crippling selection with expected future technology.
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1 Introduction

Technological advancements have led to substantial increases in the predictive
power of genetic data (Abdellaoui et al., 2023). Scientists can now create “poly-
genic indexes” (PGIs) from a person’s genetic sequence that partially predict the
risk of developing various common diseases, such as breast cancer or heart disease.
Because common diseases are influenced by many genes, state-of-the-art PGIs sum
the effects of a million or more genetic variants (Visscher et al., 2021). PGIs are com-
plementary to the long-established use of genetic testing for rare disorders driven
by a single gene, such as Huntington’s disease.

The predictive power of PGIs has increased dramatically over the last ten years
and has recently reached levels of clinical and personal utility (Kullo, 2025). The
tirst clinical trials are now underway to evaluate whether PGIs can improve rou-
tine healthcare and disease screening. Large healthcare providers, such as the UK’s
National Health Service (NHS), have initiated trials to inform millions of patients
about their PGIs. Thanks to the continued growth of massive biobanks, experts
predict that PGIs” predictive power will continue to improve and to approach its
theoretical upper limits in the coming decades (Abdellaoui et al., 2023).

While PGIs are not yet common in healthcare, consumers can purchase proto-
types in the consumer genetics market. Tens of millions of people worldwide have
purchased an at-home genetic test to explore their genealogy (Regalado, 2019).
The market leaders now bundle genealogy services with PGI-based disease risk
assessments, communicating absolute risk probabilities alongside comparisons to
covariate-matched reference groups and the population average (23andMe, 2023;
MyHeritage, 2021). The price of these assessments is declining fast, and they now
often cost less than $150. These trends suggest that both patients and ordinary
consumers may soon learn their PGI-based risks for various diseases.

Meanwhile, many jurisdictions have banned or restricted the use of genetic in-
formation by insurance companies (Golinghorst et al., 2022).! Such bans typically

prohibit insurers from requesting the results of genetic tests known to applicants

IFor a recent global overview, see Swiss Re Institute (2024a). In the US, the Genetic Informa-
tion Nondiscrimination Act (GINA) bans the use of genetic information by health insurers. Some
states have also legislated bans for other insurance types. Canada’s Genetic Non-Discrimination
Act (GNDA) and France’s Penal Code both prohibit insurers from using genetic information. Some
countries—including the UK, the Netherlands, and Sweden—generally ban the use of genetic in-
formation but permit it for large insured amounts or certain disorders, e.g., Huntington’s disease.



or from considering any genetic information. Scholars, policymakers, and indus-
try stakeholders have long voiced concerns that this information asymmetry may
lead to adverse selection (Joly et al., 2014; Maxwell et al., 2021; Swiss Re Institute,
2024a). Selection could then lead to spiraling premiums and to the unraveling of
market segments, thus leaving consumers uninsured (Akerlof, 1970; Einav, Finkel-
stein, and Fisman, 2023). Despite decades of research on the impact of genetic
testing on insurance markets, debate remains over whether PGIs could eventually
create much selection (Golinghorst et al., 2022; Dixon et al., 2024).

This study measures the potential for adverse selection due to PGIs in the mar-
ket for critical illness insurance (CII). Although CII is less well known than life
and health insurance, the US and global CII markets have matured into core seg-
ments of the insurance industry, with many millions of consumers relying on CII
for protection (Section 2.2 provides more details). The typical CII policy provides
a lump-sum payment upon diagnosis of any covered condition—typically can-
cers, heart disease, stroke, multiple sclerosis, paralysis, blindness, and terminal
illnesses. CII is particularly well-suited for our analysis because it directly covers
diseases that have been studied extensively in the genetics literature.

Our main data source is the UK Biobank (UKB) (Sudlow et al., 2015), a large
dataset of 500,000 individuals with genotypic and rich health-related data, includ-
ing linked patient records collected by the National Health Service (NHS). We first
consider single-disease contracts that pay upon the onset of the covered disease.
We model such contracts for seven diseases: Alzheimer’s disease, breast cancer,
coronary artery disease, colorectal cancer, prostate cancer, schizophrenia, and type
2 diabetes. Next, we analyze multiple-disease contracts that bundle these diseases
into one contract that pays a lump sum upon the onset of any of the diseases.

For each contract, we measure the degree of selection that would arise if con-
sumers had access to their current PGIs, while insurers are not allowed to use them.
We consider a market segment defined by consumers with similar risk conditional
on non-genetic risk factors. Because insurers underwrite on the non-genetic fac-
tors alone, they treat these consumers identically. We then measure the dispersion
of risk within this segment when taking into account both non-genetic risk factors
and the PGI. This dispersion captures the additional information available only to

consumers, who observe both their genetic predictions and the non-genetic fac-



tors used by insurers.? Moreover, given the rapid improvements in PGI predictive
power, we also model the distribution of risk assuming that consumers have access
to future PGIs, with predictive power calibrated using heritability estimates.?

We report three main findings. First, there are noticeable levels of selection with
the current genetic prediction technology, if we assume that all consumers observe
their current PGIs. For most of the contracts, the level of selection is non-negligible,
but lower than in previously studied market segments that have unraveled. Since
most people do not get genetic testing today, these results are consistent with the
fact that CII markets are growing and do not currently appear to be plagued by
selection issues (Golinghorst et al., 2022; Gen Re, 2023b).

Second, with the expected future PGIs, the degree of selection becomes ex-
tremely high. For all contracts, we find degrees of selection that are within or above
the range previously observed for market segments that had unraveled (Hendren,
2013). This is the case even for the multiple-disease contracts, which diversify risk
across several uncorrelated diseases. Even in a scenario where only 50% of con-
sumers have private knowledge about their PGIs, we find high levels of selection.
These results suggest that the policy to simply ban insurers from considering ge-
netic data is sometimes Pareto dominated. Some market segments may collapse,
leaving consumers uninsured.

Third, we find that there is subtle variation in the amount of selection across
contracts. For single-disease contracts, the amount of selection is mainly driven by
the predictive power of the PGI that is incremental to the non-genetic risk factors.

We consider robustness checks, limitations of our analysis, and policy impli-
cations. In particular, we reproduce some of our main findings using data from
the Health and Retirement Study (HRS). We also calibrate an equilibrium model of
adverse selection using the HRS data.

A key explanation for the high levels of selection we find is that we consider ge-
netic predictions based on PGIs, which aggregate information from over one mil-

lion genetic variants to predict a substantial share of the variation in disease risk.

2We assume consumers rationally combine their non-genetic and genetic information to form an
integrated risk prediction. Consumers can already access such integrated predictions via several
channels, including genetic-testing companies and online risk calculators such as CanRisk; inte-
grated predictions are also being evaluated in clinical trials and may become widely available in
healthcare settings.

3Heritability refers to the proportion of variation in disease risk attributable to genetic factors.



For instance, the current PGI of prostate cancer accounts for 9.9% of the variation
and—based on heritability studies—we expect the future PGI to account for 18.0 to
57.0%. By contrast, popular discussion of genetic prediction often focuses on rare
mutations that individually have large effects on the risk of certain diseases, but
that only explain a small proportion of the overall disease variation. Salient exam-
ples include mutations in the BRCA genes for breast cancer and in the LDLR gene
for familial hypercholesterolemia and heart disease. Interestingly, these mutations
are unlikely to create strong selection because they are rare and can be assessed

from medical records or family history (Swiss Re Institute, 2024a).

1.1 Illustrative example: CII for prostate cancer

The gist of our paper can be understood with a simple example. Consider a single-
disease contract for prostate cancer that pays $100,000 upon diagnosis of prostate
cancer by age 65. The contract is purchased at age 35, many years before the usual
age of onset of prostate cancer. The insurer’s cost of selling this contract is roughly
proportional to the buyer’s risk of prostate cancer by age 65. We estimate the dis-
tribution of risk in a population conditional on various subsets of information (Sce-
narios 1, 2, 3L, and 3U, described below).

The left panel of Figure 1 shows results based on UKB data. Scenario 1 shows
the distribution of the risk of prostate cancer by age 65 in an all-male population
of typical consumers, conditional on non-genetic covariates only. This informa-
tion 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 al-
lowed to use this information. But, in practice, insurers do underwrite to catego-
rize consumers into risk classes that are priced differently.* Following industry
practice (Brackenridge, Croxson, and Mackenzie, 2006), we define the standard
risk class as the set of consumers whose risk of prostate cancer conditional on the
non-genetic covariates is between 0.75 and 1.25 times the average population risk
(7 = 0.0547). These consumers are shown in blue in the figure and face the same
price. By definition, these consumers have almost the same risk conditional on the

4Underwriting is essential for the functioning of life and CII markets (see Section 2.2). The
importance of underwriting can be seen from the fairly large dispersion of the population-wide
risk distribution in Scenario 1 (colored gray), which reflects the substantial predictive power of the
non-genetic covariates.



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 PGI of prostate cancer. The risk distribution for the
standard risk class now has a wider spread. Consumers can see their PGIs and
so privately observe this risk. However, because insurers are banned from using
genetic information, the standard-risk-class consumers all look like identical risks
to them and are therefore charged the same price.

Scenarios 3L and 3U show the distribution of risk with two future PGIs with
different assumed accuracies. These assumed accuracies are informed by existing
estimates of the heritability of prostate cancer and correspond to what are consid-
ered reasonable lower (Scenario 3L) and upper (Scenario 3U) bounds for the ac-
curacy of the future PGL° In Scenario 3L, the standard risk class now has an even
wider spread. Consumers at the 5th and 95th percentiles face risks of 0.4% and
16.5% of contracting prostate cancer, respectively. And in Scenario 3U, consumers
at the 5th percentile face a negligible risk (evident from the spike at 0) vs. a 31.4%
risk at the 95th percentile. Thus, consumers who face the same price of insurance
vary widely with respect to their privately known risk. This suggests significant
potential for adverse selection.

To quantify the degree of asymmetric information and adverse selection that
would result from this situation, we employ the implicit tax, a measure of how
much riskier average buyers are compared to a marginal buyer (Hendren, 2013).
The right panel of Figure 1 shows the estimated implicit tax as a function of a given
consumer’s risk percentile for prostate cancer, for the consumers in the standard
risk class. In Scenario 1, underwriting based on non-genetic risk factors reduces
private information to tolerable levels. In Scenarios 2, 3L, and 3U, the implicit
taxes from PGIs imply elevated levels of selection that exceed those that have been
estimated for market segments that have unraveled. This, along with the results
we present below for the other CII contracts we study, suggests that selection due

to future genetic prediction technology is a first-order concern.

SThese bounds correspond to different assumptions about the accuracy of the future PGI, and
are not statistical bounds.
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Figure 1: Single-disease CII contract for prostate: risk 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 = 181,902). The vertical blue

line marks the average risk in the standard risk class (7 = 0.0521). The standard risk class
individuals are shown in blue; insurers treat these individuals identically, so the blue distribution
corresponds to the distribution of private risk for these individuals. Right panel: implicit tax for
consumers in the standard risk class as a function of their percentile private risk of prostate cancer

for each scenario.



1.2 Related literature

There is an extensive literature on asymmetric information and insurance markets
(Akerlof, 1970; Rothschild and Stiglitz, 1976). As genetic research advanced in
the 1990s, these canonical models were adapted to study adverse selection from
genetic tests (Tabarrok, 1994; Doherty and Thistle, 1996). The literature on in-
surance and genetic testing expanded to consider health and life insurance (e.g.,
Strohmenger and Wambach, 2000; Hoy and Polborn, 2000; Hoel and Iversen, 2002)
as well as policy interventions, including public insurance schemes and genetic in-
formation bans (e.g., Hindriks and De Donder, 2003; Polborn, Hoy, and Sadanand,
2006). Some work then continued on the welfare effects of policy (e.g., Barigozzi
and Henriet, 2011; Bardey and De Donder, 2013). More recently, there has been re-
newed interest in examining policy in relation to health insurance and in studying
aspects like preventive medicine (e.g., Peter, Richter, and Thistle, 2017; Posey and
Thistle, 2021), as well as how the revelation of risk type interacts across insurance
markets (Boyer and Glenzer, 2021).

Separately from this mostly theoretical literature in economics, a series of pa-
pers in the actuarial literature have used life table modeling and simulated data
to examine the potential impact of genetic testing on insurance markets, includ-
ing CII (e.g., Macdonald, Pritchard, and Tapadar, 2006; Macdonald and Mclvor,
2009; Macdonald and Tapadar, 2010). These papers mostly focused on single-gene
mutations or predictors based on a handful of genetic variants—consistent with
the technology at the time—and often concluded that genetic tests are unlikely to
cause much adverse selection. In contrast, Howard (2016) considers known rare
mutations for six conditions and finds that barring insurers from using genetic
data would lead to high levels of adverse selection.

More recently, a few papers have studied PGIs and insurance. Karlsson Linnér
and Koellinger (2022) benchmarked PGIs for life underwriting and found that they
are on par with classic underwriting factors, but did not address adverse selection,
the CII market, or future predictive power. Maxwell et al. (2021) use PGIs to predict
the incidence of breast cancer and coronary artery disease and show the possibility
of adverse selection in different insurance markets. Zhao, Salter-Townshend, and
O’Hagan (2023) use simulated data to assess how a future PGI of heart disease
might affect adverse selection in CII. They find that selection increases with PGI

accuracy and can be substantial.



Our study builds on this literature. It is the first (to our knowledge) to combine
large-scale genetic and individual-level health data with an econometric model of
single- and multiple-disease contracts, and to account for the incremental predic-
tive power of current and future PGIs over and above that of already observable
risk factors.

Our study complements a literature that shows that people respond to genetic
information when making insurance decisions. Oster et al. (2010) show that car-
riers of the variant causing Huntington’s disease (affecting less than 0.01% of the
population) were 5 times more likely to own long-term care insurance. Zick et al.
(2005) and Taylor Jr et al. (2010) find that carriers of the APOE4 variant (which in-
creases the risk of Alzheimer’s by a factor of 2 to 3) were up to 5.76 times more

likely to buy or plan to buy long-term care insurance.

1.3 Paper structure

The paper is structured as follows. Section 2 provides background on genetics and
the CII market. Section 3 describes the theory and estimation procedure. Section 4
describes the data. Section 5 presents the main results. Section 6 discusses limita-

tions, robustness, and extensions. Section 7 concludes.

2 Background

2.1 Genetics background

Some conditions, such as Huntington’s disease, are caused by a single gene. Such
conditions are called monogenic (Lynch and Walsh, 1999). Some traits, like eye
color, are mainly caused by a small number of variants. However, the vast majority
of traits are complex traits: they are influenced by numerous genetic variants (as
well as by the environment), with each causal variant having a tiny effect (Visscher
et al., 2021). Height, BMI, and cognitive ability are quintessential complex traits.

The seven diseases we study here are all examples of complex diseases.®

® Alzheimer’s disease and breast cancer are also complex diseases, but in addition to being af-
fected by numerous variants with tiny effects, they are affected by a handful of common variants
(in the APOE gene, for Alzheimer’s) or by rare variants (in the BRCA genes, for breast cancer) with
large effects. Still, the bulk of their genetic variation is due to many variants with small effects.



Consider how genetic data are used to predict a continuous complex trait Y.
The entire genome contains more than 3 billion locations.” But most of the varia-
tion among humans is concentrated at well under 5% of these locations. For that
reason, typical genotyping datasets contain data on millions instead of billions of
genomic locations—those where there are common genetic variants.®

As is common practice in genetic epidemiology, we use a simple predictive
model. We model Y as the weighted sum of an individual’s genetic variants plus
a disturbance term ¢:

Y=k+Xb+1,

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 (population) regression coefficients.
G* = Xb is the individual’s true genetic predictor for Y. (Throughout, we de-
note random variables with uppercase and their realizations and constants with
lowercase letters, and vectors with bold font.)

Our predictive model with linear genetic effects and no interactions is identical
to the additive genetic model from quantitative genetics (Falconer and Mackay,
1996), except that the latter has a causal interpretation while our model needs not
have one.” In addition to capturing causal genetic effects, our model may also
capture factors that correlate with both the variants and Y, such as culture and
socioeconomic determinants of health.

In practice, neither b nor G* are observed. Instead, a polygenic index (PGI) can
be constructed by using estimates b from a previously published genome-wide
association study (GWAS)!? of Y:

G = Xb.

The observed PGI G is a noisy measure of the trait’s true genetic predictor G*. Let

"Bach location has a pair of elements—one from the mother and one from the father—with each
element associated with the letter "A", "C", "G", or "T".

8Genotyping is the process of measuring an informative subset of genetic variants; sequencing
is the costlier process of identifying every single element of a person’s DNA.

9Theory and evidence agree that an additive genetic model generally captures the bulk of the
genetic variation of complex traits (Visscher et al., 2021).

19A GWAS is a large-scale genetic study in which a trait is regressed on millions of genetic vari-

ants, separately. The method we use to create PGIs, PRS-CS (Ge et al., 2019), adjusts the GWAS
estimates of b for the effects of nearby, correlated SNPs as if they were regressed jointly.



€ be the error: G = G* + €. € stems from measurement error in 13, which is due to
sampling variation in the GWAS. To avoid overfitting, the GWAS is conducted in a
sample that is independent of the analysis dataset in which the PGI is constructed,
so € and G* are independent.

A complex trait is associated with a large number of genetic variants, each with
a tiny regression coefficient. This implies, by the central limit theorem, that G* =
Xb is approximately normally distributed. By the same reasoning, so is €. As a
result, so is G—i.e., PGIs are approximately normally distributed.

This model for a continuous trait can easily be adapted to a binary disease D. It
is common practice to use a liability threshold model such as the probit, in which
case the liability £ replaces Y, i is normally distributed, and D := {£ > 0}.

Given each variant’s tiny regression coefficient, very large samples are needed
to estimate them precisely. As GWASs have rapidly grown in sample size over
the past decade (Abdellaoui et al., 2023), estimates of b have become more precise;
as a result, the predictive power of PGIs has also increased dramatically, albeit
from a very low base and with much progress still to be made (Visscher et al.,
2021). The GWASs from which we obtained the b estimates to construct PGIs all
involved over 100,000 participants (see Online Appendix Table 1). Despite this,
these b estimates, and thus also the current PGIs, remain noisy. Table 1 shows
our estimates of the current PGI R?’s for the seven diseases. Since the diseases are
binary, we report their R? on the liability scale, also known as the McKelvey &
Zavoina pseudo-R2 (Lee, Goddard, et al., 2012; McKelvey and Zavoina, 1975).11

As GWAS sample sizes keep increasing and as the set of measured variants is
augmented to include rarer variants, PGI predictive power should increase further
(Visscher et al., 2021). For instance, for height—arguably the most studied trait in
quantitative genetics—PGI R?’s have increased as subsequent GWASs increased
in size, reaching 45% (among European ancestry populations) in the latest GWAS
in 5.4M individuals (Yengo et al., 2022). In theory, the upper bound for a PGI’s
predictive power for a given disease is the disease’s heritability (Dudbridge, 2013),

The liability scale R? is defined as Var[ZA]/Var|L,], where A is the coefficient from a probit
regression of D on Z (with Z = G, here) and Var[L,| = Var[ZA] + 1 is the variance of the liability
in that regression. This R? is intuitively analogous to the usual R?, but indicates the share of the
variance of the liability—instead of a continuous dependent variable—that is accounted for by the
covariates.

10



which is the share of variation in disease liability attributable to genetic factors.'?

The last two columns of Table 1 report previous studies” estimates of the dis-
eases’ SNP heritabilities and twin heritabilities. A disease’s twin heritability
is computed by comparing the disease resemblance of monozygotic twins—who
share 100% of their genomes—to that of dizygotic twins—who share 50% on aver-
age. Under some assumptions, it is a consistent estimate of the true heritability.!> A
disease’s SNP heritability is the share of variation in its liability that is attributable
to a set of genetic variants. Because not all variants are used, it underestimates the
true heritability.'* For an in-depth discussion of heritability concepts, see Markel
et al. (2025) and Benjamin et al. (2024).

Table 1: Descriptive statistics for selected diseases

Disease Prevalence Lifetime risk Current PGIR? SNP K2 Twin h?
Alzheimer’s disease 7.1% 6.3% (M), 12% (F) 7.1% 33.1% 58%
Breast cancer 8.1% 12.3% 6.7% 14% 31%
Coronary artery disease  3.0% 51.7% (M), 39.2% (F) 2.5% 22% 40%
Colorectal cancer 2.9% 4.6% 2.2% 9% 40.2%
Prostate cancer 0.9% 12.7% 9.9% 18% 57%
Schizophrenia 0.46% 0.7% 4.9% 24% 79%
Type 2 diabetes 3.9% 27% (M), 18.6% (F) 7.4% 19.6% 72%

Notes: Current PGI R?’s are on the liability scale and were estimated in the UKB. All other statistics
come from earlier studies and were not produced with a uniform methodology. Prevalence and
lifetime risk include various age-corrected measures (e.g., the prevalence of Alzheimer’s disease is
reported for ages above 65). Further documentation is in the replication package.

While it is impossible to know exactly how predictive a disease’s future PGI
will be, it is likely that it will explain at least as much as today’s estimates of the
disease’s SNP heritability. This is because future PGIs will benefit from more pre-

12Under our predictive model, a PGI could in fact predict more than the heritability if it also
captures non-genetic correlates of the variants and Y. Treating heritability as the upper bound, as
we do below, thus errs on the conservative side for the purpose of measuring selection.

130ne important such assumption is that the greater resemblance of monozygotic vs. dizygotic
twins is entirely due to the former’s greater genetic resemblance.

4The expression SNP heritability comes from the fact that the variants used are typically single
nucleotide polymorphisms (SNPs). The basic idea is to compute the genetic resemblance (“re-
latedness”) between pairs of unrelated individuals based on their SNPs, and then to quantify how
much of the pairs’ disease resemblance is explained by their genetic resemblance (Yang et al., 2010).
Because only a subset of common SNPs are used, the computed genetic resemblance is a noisy mea-
sure of the true genetic resemblance, which leads to an underestimate of the true heritability. The
heritability estimates in Table 1 are from previous studies using similar methods and variants. They
can be viewed as ballpark figures.

11



cise estimates b and from including rarer variants. At the upper bound, future
PGIs are unlikely to predict more than the twin heritability, because it is estimated
from familial resemblance and thus already reflects the total genetic contribution
of all genetic variants. Below, we report our results under two assumptions: that
future PGIs” accuracies will equal their SNP heritabilities (as lower bounds) and
that they will equal their twin heritabilities (as upper bounds).

We make no attempt to pinpoint the time it will take for PGI predictive power
to reach either heritability. There is debate about the relationship between GWAS
sample size and PGI predictive power. Even greater uncertainty surrounds future

methodological advances and the growth trajectory of GWAS sample sizes.

2.2 Critical illness insurance

Contracts and Underwriting. CII pays a lump sum upon diagnosis of any of
the medical conditions listed on the policy. Typical policies cover 20 to 50 condi-
tions, including various cancers, coronary artery disease, multiple sclerosis, stroke,
and other serious conditions (Gatzert and Maegebier, 2015). Enhanced plans exist
that cover additional conditions (Gen Re, 2024), while some policies (called cancer
insurance) only cover cancers. Cancers and cardiovascular diseases account for
~80% of CII claims, with cancers accounting for the bulk of these. !

Most CII policies terminate upon payout; the payout, which is not earmarked
for healthcare costs, is often used for non-health-related expenses (PartnerRe, 2015).
Policies are often renewable term plans, with guaranteed premiums that are fixed
or increasing with age and that are set upfront through underwriting (Bracken-
ridge, Croxson, and Mackenzie, 2006); they are typically sold as stand-alone prod-
ucts, as add-ons (often to life insurance), or as workplace benefits.

The industry relies on sophisticated medical underwriting, with the world’s
largest reinsurance companies playing a central role in model development (Part-
nerRe, 2015; Gen Re, 2023b; Swiss Re Institute, 2024a). Insurers request detailed in-
formation on health, lifestyle, and family history, and may ask for medical records,
blood tests, or a medical exam; they also use contract features such as waiting

15Tn Canada, between 2006 and 2011, 72% and 20% of claims were due to cancers and cardio-
vascular diseases, respectively (Canadian Institute of Actuaries, 2014). Cancers and cardiovascular
diseases together accounted for between 70% and 87% of claims in the US in 2022 (Gen Re, 2023b)
and account for over 80% of claims in the UK (Association of British Insurers, 2022).

12



periods to safeguard against selection. Current underwriting procedures appear
effective in controlling claims in the US market, with all companies reporting that
claims were at or below expected levels in a recent survey (Gen Re, 2023b). Yet in-
dustry reports identify improved genetic prediction technology as a key emerging
challenge (Swiss Re Institute, 2024a), along with improved diagnostic techniques
(RGA, 2016; Swiss Re Institute, 2016).

Market Overview. CII was introduced in South Africa in the 1980s and has
matured into a core supplemental health insurance product in many countries,
with as many as 100 million people covered worldwide (Gen Re, 2023b; Swiss
Re Institute, 2024b; Gen Re, 2023a). Market research valued the global market
at over $100 billion in 2021 and projected it to grow to over $350 billion by 2031
(Allied Market Research, 2022). Market disruptions could thus have far-reaching
consequences for millions of consumers and for insurers alike.

CII is widespread even in countries with near-universal healthcare systems,
such as the UK (Gatzert and Maegebier, 2015), Australia (Financial Services Coun-
cil, 2020), Canada (Dorse, 2024), and Hong Kong, Malaysia, and Singapore (Gen
Re, 2023a). In the US, there were at least 6.3 million in-force CII policies in 2022
(Gen Re, 2023b)—now outnumbering long-term care policies (Gallagher Re, 2025)—
making CII one of the country’s fastest growing supplemental health products.
The US market is served by numerous firms, including the market leaders in health
and life insurance. In Asia, CII has been a top-selling insurance product (Gen Re,
2023a). In China, the CII market has been described as “a core pillar of the health
insurance market,” with 5% to 18% of working-age adults covered in 2018 (Swiss
Re Institute, 2022).

3 Theory

We now introduce our economic and econometric models. We focus on single-
disease contracts to facilitate exposition. Section 5.3 and Online Appendix 3 gen-
eralize these models to multiple-disease contracts.
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3.1 Economic model notation

The model. Consider a population of consumers who may incur a binary loss L
and can purchase an insurance contract for it. In a single-disease CII contract, the
loss corresponds to contracting the disease: L = D.

Each consumer is characterized by four random variables (L, G., G s W). The
loss (or disease) L is a binary variable. G, is the current polygenic index (PGI),
which is a sufficient statistic of the consumer’s DNA for the purpose of estimating
disease risk probabilities, conditional on the current technology. Gy is the future
PGI, which is a sufficient statistic of the consumer’s DNA conditional on the future
genetic prediction technology. G. and Gy take real values. W is a row vector of non-
genetic covariates that takes values in Euclidean space. The vector (L, G, G¢, W)
is i.i.d. across consumers with joint distribution IP.

Throughout this section, we consider groups treated identically by insurers,
such as consumers in the same risk class. We assume that consumers possess ad-

ditional private information, so that there may be selection.

Private information about risk. Each consumer has private information about
her non-genetic covariates W and her PGI G, and rationally combines this infor-
mation to form an integrated prediction of her disease risk.'®

In our implementation, the population of consumers treated equally by insur-
ers is a risk class. The insurers observe the non-genetic covariates W but use them
only to define risk classes. Thus, any remaining variation in W within a risk class
is ignored by insurers and is effectively private information.

Define consumers’ private risk function as the probability p(g, w) of the loss

conditional on the PGI G = ¢ and the non-genetic factors W = w:
p(g,w):=E[L|G =g W=w]|.

Define the random variable for private risk as R := p(G, W). The realizations of
losses are independent across consumers, and the same holds for R.

Information scenarios. For each contract, we consider four alternative scenar-

16Consumers need not perform the integration themselves. As mentioned, integrated risk pre-
dictions are already offered by genetic-testing companies and online tools such as CanRisk, and
may become widely available in clinical care.
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ios that differ only in consumers’ private information. In all scenarios, insurers
observe W perfectly but only use this information to classify consumers into dis-
crete risk classes. Here, the standard risk class is defined as consumers whose risk
is between 0.75-1.25 times the average population risk.

In Scenario 1, consumers observe only their non-genetic covariates (or, equiva-
lently, they also observe a degenerate, uninformative PGI). In Scenario 2, they also
observe the current PGI G.. In Scenarios 3L and 3U, they observe a future PGI G s
with predictive power equal to the disease’s SN heritability (Rjzr = hZyp, Scenario
3L) or twin heritability (RJZf =h?

twins Ocenario 3U), respectively.

Measures of adverse selection. We now measure selection in market segment
M where we assume insurers do not price discriminate among consumers with
W € M. The distribution of private risk R is informative about the degree of ad-
verse selection when consumers have genetic information. In the prostate cancer
example, Figure 1 shows the distribution of R under the different information sce-
narios. Scenarios with a wider distribution of R are more likely to be characterized
by adverse selection.

Adverse selection depends on the entire distribution of private risk R within
the market segment. To facilitate comparison, we report an economic measure
of selection, the implicit tax (Hendren, 2013). The implicit tax ¢(r) is defined as
the extra price a consumer with private risk r would have to pay if she had to
buy insurance at the actuarially fair price for all consumers with private risk r or

greater, relative to her own actuarially fair price:17

1.

Hr) = E[R|R >r,W € M| ro
" 1-E[RIR>r,WeM]|/ 1—r

Among selection measures that compare marginal and average types, the im-
plicit tax has two advantages. First, Hendren (2013) proposed a no-trade theorem

that shows that sufficiently high values cause insurance market disruption under

7Hendren (2013) gives the following motivation. Consider an insurance contract that pays $1 if
a loss happens, and otherwise charges a premium. For the contract to break even with with private
risk r, the premium has to be /1 — r. Consider the case where this policy is purchased by all

consumers with private risk r or greater. For the policy to break even the premium would have to
be _ER[R>rWeM]

T-E[R[R>r,WeM]
fair price, where T(r) is the second premium divided by the first. Hendren (2013) calls T(r) the
“pooled price ratio”. We define the implicit tax t(r) as 1 + t(r) := T(r).

The consumer with private risk »r would have to pay T(r) times her actuarially
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certain assumptions. Second, it simplifies comparison with levels of selection re-
ported previously. Hendren (2013) estimates the implicit tax in market segments
that had unraveled (in the sense of not being served by insurers) and in functioning
market segments. He reports the minimum implicit tax up to the 80th percentile
of risk, which we denote tgy. The interpretation is that this is the tax a marginal
consumer would have to be willing to pay to get a market to function with the
top 20% riskiest consumers participating. Hendren estimated tgy to be 7-35% for
functioning markets and 43-83% for markets that had unraveled.

3.2 Econometric model and identification

Our model is fully specified by IP, the joint distribution of (L, G, G¢, W).'® While
G, can be observed in the UKB data, Gf cannot. Define the distribution of the
observed data as a joint distribution P data OVer (L, G¢, W). We say that the model
is identified if there is a unique value of IP consistent with IP g,

The model is identified under reasonable assumptions. Our assumptions are
based on two empirical regularities from quantitative genetics. First, PGIs are ap-
proximately normally distributed. And second, existing heritability estimates are
informative about the likely predictive power of future PGIs.

We now state the assumptions. The first assumption is a regularity condition.

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 G, and
Gy. They are motivated by the first regularity mentioned above and by the fact that
what distinguishes G, from Gy is the size of the independent and approximately
normally distributed error. Further, we take G, to be standardized.”

Assumption 2. [Gaussian future PGI] Conditional on observables, the future PGI has a
Gaussian distribution
Gr:=W0+V, (1)

180ur model is similar in spirit to that developed by Becker et al. (2021) for continuous outcomes.

Standardizing G, is without loss of generality because the model’s parameters can be rescaled
to achieve this without changing the risk distributions. We standardize G, to save on notation and
to be consistent with standard practice in the quantitative genetics literature.
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with V ~ N(0,0%) and V. 1. W.20

Assumption 3. [Noisy current PGI] The observed current PGI G. has unit variance,
Var[G.| = 1, and is a noisy estimate of Gy:

Ge:=Gr+e, (2)

with e ~ N(0,02) and e 1. (W, V).

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

Assumption 4. [Probit disease model] Disease probabilities follow a linear probit model:
Pr[L = 1|Gf = g7, Gc = 8, W = W] = ®(g(Bs + WB,,). (3)

Finally, we assume that we know the predictive power of the disease’s future
PGI G¢, which we denote RZ, from heritability studies.

Assumption 5. [Future PGI predictive power] The pseudo R? on the liability scale of a

probit regression of L on Gy equals a known constant RJZ(.

Under these assumptions, the model is identified:
Theorem 1. Under Assumptions 1-5, the model is identified.

Appendix A provides the proof. The intuition is that the heritability estimates
tell us how predictive the future PGI is on its own. The correlations in the current
data tell us how much added value the future PGI brings over the covariates, and
the normality assumptions take us from correlations to the full distribution.?!

The proof is based on two observations. The first observation is that the poste-

rior distribution of Gy given the data is normal and given by a standard formula

20Due to the large effects of variants in the APOE gene on the risk of Alzheimer’s disease, As-
sumption 2 may be violated for that disease. We verified that our results for the multiple-disease
contracts (discussed below) are robust to excluding Alzheimer’s disease.

ZlWhile the non-genetic covariates do not impact the heritability bounds, they play a central
role in our estimation. As discussed below, what drives adverse selection within the standard
risk class is not the future PGI'’s total predictive power, but its predictive power incremental to
W. Heritability bounds the former; the joint distribution of G., W, and disease status in the data
identifies the latter.
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from Bayesian statistics. The second observation is that this implies that the disease
model is also probit in G, and that the model parameters are functions of feasible
regressions that use G, instead of Gy. This observation also yields a statistically

and computationally efficient estimator.

4 Data and empirical specification

4.1 Data

We analyze data from the UK Biobank (UKB), which contains genotypic and rich
health-relevant data on about 500,000 people (Sudlow et al., 2015). Participants
were between 40 and 69 years old at recruitment (2006-2010). Their data is linked
to the UK’s National Health Service (NHS), which maintains electronic health
records (EHR) on almost the entire UK population (Sudlow et al., 2015).

UKB participants provided extensive survey and interview data on clinical and
environmental disease risk factors, sociodemographics, as well as biomedical as-
says from blood, saliva, and urine. Table 2 reports sample descriptive statistics
for the seven diseases and the multiple-disease contracts (Panel A) and for a set of
disease-general risk factors (Panel B).

Our sample was restricted to 446,570 participants of European ancestry, whose
genotypic data passed a number of quality control filters. Well-powered PGIs are
not yet readily available for non-European ancestries. To compute the current PGI
G, for each disease, we combine the participants” genotypic data with GWAS esti-
mates sourced from the largest available GWAS for the disease that does not con-
tain UKB data.?? Online Appendix 1 provides additional details.

To code the unstructured EHR-data for statistical analysis, we relied on the
“Phecode” mapping system (Denny et al., 2013). This system was created to define
meaningful case-control variables from complex EHR sources, e.g., by condensing
some 90,000 detailed codes from the International Classification of Diseases (e.g.,
C50.211: "malignant neoplasm of upper-inner quadrant [...]") into about 1,900 ma-
jor case-control status codes (174.1: "Breast cancer [female]").

We reviewed clinical guidelines and the epidemiological literature to identify
the main disease-specific non-genetic risk factors that are used either by medical

22To ensure that G* L €, the GWAS sample must not overlap with the UKB.
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Table 2: Sample descriptive statistics

Panel A. Descriptive statistics for the diseases

Age of onset

Disease N % Cases Mean SD 5th pct 95th pct
Alzheimer’s disease 405,573 0.9% 75.3 53 65.4 82.2
Breast cancer 211,575 9.1% 57.8 10.1 41.0 74.0
Coronary artery disease 410,686 13.4% 62.7 10.5 44.5 78.0
Colorectal cancer 410,562 2.6% 65.1 9.7 47.7 78.7
Prostate cancer 181,902 8.8% 67.3 6.9 55.3 77.9
Schizophrenia 410,275 0.3% 46.2 17.6 20.2 75.2
Type 2 diabetes 410,686 8.6% 64.1 9.3 47.8 77.8
Any disease (Males only) 175,466 36.6% 62.6 10.1 45.0 77.2
Any disease (Females only) 204,672 24.7% 61.3 10.7 43.1 77.5
Panel B. Descriptive statistics for the general risk factors (N = 415,847)
Variable Mean (s.e.) SD Min Max
Age (at last observation) 66.0 (0.015) 9.89 39.0 88.0
Sex (Male = 1) 0.458 (<0.001) 0.498 0 1
Deprivation index (Townsend) -1.52 (0.005) 294 -6.3 10.9
Education (years of schooling) 13.9 (0.008) 494 7 20
BMI 27.4 (0.007) 4.73 12.1 74.7
Drinks per week 8.34 (0.014) 9.24 0.0 52.0
Current smoker 0.097 (<0.001) 0.295 0 1
Previous smoker 0.359 (<0.001) 0.48 0 1
Never smoker 0.545 (<0.001) 0.498 0 1
Physical inactivity 0.016 (<0.001) 0.125 0 1
Systolic blood pressure (SBP) 138.5 (0.028) 18.4 72.0 253.5

Notes: For each disease, the sample sizes in Panel A reflect the number of participants in UKB with
no missing values for the disease nor for the disease-general or disease-specific risk factors (listed
in Table 3). “Any disease” is a dummy for having contracted any of the diseases in the multiple-
disease contract.

practitioners or by insurers to assess a person’s disease risk. It is important that
our model captures the information typically observed by insurers. The findings
of the review are listed in Table 3. We were able to code most of the risk factors
identified in the search in the UKB data. All risk factors that could be coded are
included in W, together with a genotyping array dummy and the top ten genetic
principal components (PCs). Adjusting for genetic PCs is standard practice (Price
et al.,, 2006). Further documentation is provided in Online Appendix 2.

4.2 Contracts and specification

We consider standard contracts that pay a lump sum upon a loss, defined as the oc-

currence of a covered disease. Real-world contracts vary across many dimensions
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Table 3: Non-genetic risk factors for the studied diseases

Disease Key risk factors

General risk factors 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
type 1, [diabetes type 2], hearing loss, hypertension, physical inactivity, social isolation
Breast cancer Diabetes type 1, [diabetes type 2], ever had breast cancer screening / mammogram, ever

had hormonal replacement therapy, hormonal/oral contraceptives, age at menarche, age at
menopause, age at first birth, number of live births

Coronary artery disease ~ Crohn’s disease, diabetes type 1, [diabetes type 2], [diet], ever had bowel cancer screening,
irritable bowel syndrome (IBS), polyp of colon, ulcerative colitis (and other non-infective
gastro-enteritis and colitis)

Colorectal cancer Depression, diabetes type 1, [diabetes type 2], [diet], hypercholesterolemia, hyperglycemia,
hypertension, 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: Risk factors were identified in a review of clinical guidelines and of the epidemiological
literature, and were verified by two medical doctors (for references, see the replication package).
All risk factors were coded as variables in the UKB, except those (i) that were not well-defined (e.g.,
diet), (ii) for which data were lacking (e.g., brain injury, cannabis use), (iii) that were a disease in
the multiple-disease contract (e.g., type 2 diabetes), or (iv) that were captured by PGIs (i.e., APOE).
These exceptions are shown in square brackets.

* For schizophrenia, family history of "severe depression" was used as a proxy. ** Psychopathology
was proxied by neuroticism score, bipolar disorder, and depression.

(see Section 2.2), so we limit our analysis to particular types of contracts, especially
in two key contract dimensions: the set of covered diseases and the coverage pe-
riod. We also specify a population of interest (i.e., a risk class). We discuss the
current PGI G, and the covariates W for each disease in Section 4.1, and the four
information scenarios for which we produce results in Section 3.1. With this, we
have a full specification to take the model (the loss L, the current PGI G, and the
covariates W) to the data.

Covered diseases. We consider the seven diseases listed in Table 1. These
include three of the four most common cancers in Western countries—prostate,
breast, and colorectal cancer—which by themselves account for a substantial share

23

of CII claims.””> As a proxy for cardiovascular disease—the next most common

source of claims—we include coronary artery disease.?* We include Alzheimer’s

2These three cancers account for a little less than half of all cancers in Western countries, and
they accounted for 40% of all cancers in the UK between 2016 and 2018 (Cancer Research UK, 2020).
As mentioned, cancers account for a large share of CII claims.

24Most vasculatory-disease-related CII claims are due to heart attacks, followed by strokes (cere-
brovascular). Heart attacks are fully captured by our coronary artery disease variable.
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disease because it is the most common cause of early-onset dementia, which some
insurers cover. Schizophrenia is included as an example of a highly heritable but
rare condition. We include type 2 diabetes because it is of public health concern
and is sometimes covered by enhanced CII plans. Most other conditions covered
by real CII contracts, but not by our analysis, are rare and account for a small share

of claims; our multiple-disease contracts thus approximate real CII contracts.

Coverage period. As mentioned, typical CII contracts are guaranteed renew-
able at a predetermined premium 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 sim-
plest way to model this contract is to assume that all consumers buy contracts at
the same age and renew until age 65. Here, we will assume that all consumers buy
contracts at age 35, a typical age of first CII purchase that is lower than the usual
age of disease onset. Therefore, we will effectively consider one-time 30-year con-
tracts. Ignoring interest rates, this means that insurers’ costs are proportional to
the probability that the consumer will incur a covered disease by age 65. In the ter-
minology of our model, we set the loss L = 1 if the consumer ever incurs a covered
disease by age 65.

We stress that this is an approximation. First, in practice, consumers do let poli-
cies lapse. Lapsation is a secondary but important driver of insurance premiums
(Gottlieb and Smetters, 2021). Second, the timing of losses also influences insurers’

costs, due to time discounting.

Population of interest. We focus on the population of 35 year old consumers
who may purchase CII contracts and fall in the standard risk class, as defined
above. Insurers typically charge the same rate to these consumers, who constitute

the market segment M in the calculation of the implicit tax.

4.3 Estimation for single-disease contracts

For each single-disease contract, estimation is based on the identification Theorem

1. We proceed as follows.

Step 1. Estimating the econometric model. We begin by estimating our econo-
metric model for the contract, using the observed IP 4,4, for our study sample. We

pool females and males, except for breast cancer and prostate cancer. Estimation
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follows the two-step estimator in Appendix B, which is based on Theorem 1.2°

Step 2. Generating the private risk distributions. For all four scenarios, we
use Equation 3 to generate the distribution of risk for the disease for all the indi-
viduals in our sample. For Scenarios 3L and 3U, we do not observe G £,80 for each
individual we draw 10 values from its probability distribution conditional on G,
and W (given by Lemma A.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, and hypertension. Because age and a number of these
covariates are important predictors of disease risk, we set age to 65 and adjust
the most age-dependent covariates to their expected values at age 65 when using
Equation 3 to estimate the risk of the disease by age 65. See Online Appendix 2.

Step 3. Identifying the risk classes. To assign the individuals to different
risk classes, we use the risk distribution we generated for Scenario 1 using only
the non-genetic covariates (which is what insurers use). Individuals whose risk
is between 0.75-1.25 times the average population-wide risk are assigned to the

standard risk class.

Step 4. Estimating the implicit tax. For each scenario, we use the scenario’s
risk distribution from Step 2, limited to those in the standard risk class. We com-
pute Hendren’s implicit tax measure for all percentiles of the distribution. Our
main summary statistic of the amount of selection is the minimum implicit tax up
to the 80th percentile, tgg. To obtain 95% confidence intervals, we use the bootstrap
method, with 200 draws.

Bldeally, we would estimate the model off a population that we would observe both at age 35
and then again at age 65. The non-genetic covariates would be observed at the former and disease
diagnoses at the latter age. In practice, we do not have such data; instead, we use data from a
population of different ages to estimate the risk of developing each disease by age 65.
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5 Results

5.1 Single-disease contracts: case study for prostate cancer

We first return to the case study of the single-disease CII contract for prostate can-
cer from the introduction. The left panel of Figure 1 shows the risk distributions
for prostate cancer under Scenarios 1-3U.

Scenario 1 predicts risk using only the non-genetic covariates W. The distri-
bution is bimodal because family history variables are strong risk factors. There
is wide dispersion in non-genetic risk. Without underwriting, this would result
in a noticeable amount of selection; for that reason, insurers do underwrite and
classify consumers into the aforementioned risk classes based on the non-genetic
risk factors. The consumers in the standard risk class are shown in blue in Figure
1. Since insurers treat these equally, any variation in risk within the risk class ef-
fectively becomes private information. Thus, the blue area in Figure 1, Scenario 1,
corresponds to the distribution of private risk R for the standard risk class. Sce-
narios 2-3U show how the distribution of private risk R changes when consumers
observe their genetic predictions. There is noticeable private information with the
current PGI, and a considerable amount with future PGIs.

We can use the implicit tax to quantify the amount of selection. The right panel
plots the implicit taxes in the four scenarios for consumers in the standard risk
class. In Scenario 1, with the non-genetic covariates only, gy is equal to 6.3%. Thus,
after underwriting, there is a negligible amount of selection within the standard
risk class, as expected. The implicit tax tgp increases to 59.8% with the current
PGI (Scenario 2), and to between 86.8% and 426.9% with the future PGI (Scenarios
3L and 3U). Thus, there would already be noticeable selection with today’s genetic
prediction technology, if all consumers had adopted this technology. And if genetic
predictions approach the heritability estimates and are widely available, a single-
disease CII contract for prostate cancer may not be viable.

5.2 Single-disease contracts: main results

We now extend these results to all seven single-disease CII contracts. Though there
are nuances across the diseases, the big picture is consistent with the prostate can-
cer case study. Figure 2 reports the minimum implicit tax up to the 80th percentile
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of risk (tgg) for each disease and under each scenario for the standard risk class.
Table 4 reports detailed results.?® There are three main findings.

300 - w  mmE

Single-disease contracts:
B ALZ: Alzheimer's disease
[l BRC: Breast cancer (females only)
250 —{ [l CAD: Coronary artery disease
[ CRC: Colorectal cancer
[0 PRC: Prostate cancer (males only)
[ SCz: Schizophrenia
200 — [ T2D: Type 2 diabetes

Multiple-disease contracts:
B MDC M: males only
150 Il MDC F: females only

Minimum implicit tax up to the 80th percentile (tg)

100
50
0 -
Scenario 1 Scenario 2 Scenario 3L Scenario 3U
Non-genetic covariates only Non-genetic covariates & Non-genetic covariates &  Non-genetic covariates &

current PGI future PGI (lower bound) future PGI (upper bound)

Figure 2: Minimum implicit taxes up to the 80th percentile (tg)
Notes: The figure displays fgy within the standard risk class for the single-disease and multiple-
disease CII contracts, in the four scenarios. The striped blue area corresponds to the range of tgy
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 breaks at the top of the
tallest bars indicate that these bars” heights exceed the figure’s.

First, there would be noticeable selection if the current genetic prediction tech-
nology were widely adopted: in Scenario 2, tgy ranges from 17.9% for coronary
artery disease to 117.9% for Alzheimer’s disease. In comparison with Hendren
(2013), tgg for coronary artery disease (17.9%) and colorectal cancer (26.5%) falls in
the middle of the range found for market segments that had not unraveled (shown
in blue stripes in Figure 2). tg for breast cancer (36.9%), schizophrenia (42.1%), and
type 2 diabetes (37.0%) falls in between the ranges of no unraveling and unravel-
ing. tgo for Alzheimer’s disease and prostate cancer is within or above the range
observed for segments that had unraveled (shown in red stripes). The Scenario 2
results suggest that current prediction technology is already sufficiently powerful
to cause noticeable selection, and that the main question is when the technology
will be adopted widely.

26The low tgo’s in Scenario 1 are expected, since by definition the standard risk class leaves little
private risk in that scenario. These estimates suggest that our risk classification was successful.
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The second main finding is that, with the expected predictive power of future
PGIs, the amount of selection could become crippling. In Scenario 3L, where
the future R?’s are assumed to be equal to the diseases” SNP heritabilities, tgg
ranges from 57.5% for breast to >1,000% for Alzheimer’s. Some contracts have
tgo’s that are considerably higher than what Hendren (2013) found in market seg-
ments that had unraveled. In Scenario 3U—in which future PGIs explain as much
as the diseases’ twin heritabilities—tg is even higher, exceeding 100% for all seven
single-disease contracts, and exceeding 1,000% for three. These findings suggest
that, with widespread adoption of genetic prediction, single-disease CII contracts
would not be a viable product.

The third main finding is that there is variation in tgy across the diseases. A key
driver of this variation is the incremental predictive power of the PGI over and
above the non-genetic covariates (reported in Panel B of Table 4)?’. This makes
sense, since the incremental predictive power of a PGI captures the extent to which
it adds private information beyond the non-genetic covariates. To see this, consider
the following examples. In Scenario 3L, Alzheimer’s and schizophrenia’s PGIs

have the highest incremental predictive power and, accordingly, the highest tgy’s.?®

5.3 Multiple-disease contracts

We now consider multiple-disease contracts. We consider separate contracts for
males and females that each bundle all the diseases, except breast cancer for males
and prostate cancer for females. The contracts pay a lump sum upon contraction

of any of the covered diseases.

Model and empirical implementation. The economic model generalizes to
multiple diseases if we define the loss L as a random variable equal to zero or
one depending on whether a consumer contracts any of the diseases listed in the

contract. The econometric model also extends by specifying and estimating the

2’Panel B reports this quantity as the PGI's AR?, defined as the difference between the R? of
a regression of the disease on the PGI and covariates and that of the same regression but on the
covariates only (in the full sample). Panel B also reports the R*’s of the covariates, the PGI, and the
covariates and PGI together. The R? of the covariates is high for coronary artery disease and type 2
diabetes, consistent with the fact that lifestyle factors play an important role for these diseases.

285, also varies with some features of the disease risk distribution. For instance, Alzheimer’s and
schizophrenia are rare within the contracts” age span, such that their 80th-percentile risk remains
very low. This makes the denominator in the implicit-tax formula small, causing tgy to explode.
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Table 4: Summary of main results (standard risk class)

Single-disease contracts

Multiple-disease contracts

ALZ BRC CAD CRC PRC SCzZ T2D
Sex M&F F only M&F M&F  Monly M&F M&F M only F only
Sample size 405,573 211,575 410,686 410,562 181,902 410,275 410,686 175,466 204,672
Cases 3,529 18,133 54,395 10,453 15,470 1,085 34,667 58,441 45,427
Panel A. Risk of contracting disease (r) by age 65, conditional on non-genetic covariates (W) only
Full analysis sample
Mean 0.2% 7.9% 8.9% 1.9% 5.5% 0.3% 6.1% 25.6% 17.5%
SD 0.1pp 21pp 8.9 pp 12 pp 2.0 pp 12 pp 8.3 pp 13.1pp 8.9 pp
Standard risk class (v = 0.75-1.25 of sample mean)
Mean 0.1% 7.6% 8.6% 1.8% 52% 0.2% 6.0% 24.7% 16.5%
SD 0.02 pp 1.0 pp 1.3 pp 0.3 pp 0.8 pp 0.04 pp 0.9 pp 3.6 pp 2.4 pp
Panel B. Explanatory power of non-genetic covariates (W) and PGIs (full analysis sample)

Scenarios 1-3

RZof W 38.5% 6.0% 36.8% 11.5% 22.9% 20.1% 39.7% - -
Scenario 2

R? of G, 7.1% 6.7% 2.5% 2.2% 9.9% 4.9% 7.4% - -
R2of G, & W 43.7% 12.1% 37.8% 13.5% 31.2% 22.9% 43.4% - -
AR? of G, 5.3 pp 61pp 10pp 20pp 83pp 2.8 pp 3.6 pp - -

Scenario 3L
R? of Gy (SNP 1?) 33.1% 14.0% 22.0% 9.0% 18.0% 24.0% 19.6% - -
R? of Gr&W 64.6% 18.9% 47.6% 20.1% 38.2% 35.9% 50.1% - -
AR? of Gy 262pp 129pp 108pp 86pp 153pp 158 pp 10.4 pp - -

Scenario 3U
R? of Gy (twin h?) 58.0% 31.0% 40.0% 40.2% 57.0% 79.0% 72.0% - -
R? of Gr&W 86.8% 35.3% 61.5% 55.7% 72.9% 85.4% 90.7% - -
AR? of Gy 484pp 293pp 247pp 442pp 5S500pp 653 pp 51.0 pp - -

Panel C. Minimum implicit tax up to the 80th percentile of the disease risk distribution (tgg)
No individual underwriting by insurers (same premium for all)
Scenario 1 65.8% 25.4% 98.3% 41.9% 27.6% 379.4% 120.5% 69.1% 65.4%
Standard risk class (r = 0.75-1.25 of full sample mean)

Scenario 1 7.0% 7.2% 6.3% 6.3% 6.3% 5.8% 5.8% 8.9% 9.0%
Scenario 2 117.9% 36.9% 17.9% 26.5% 59.8% 42.1% 37.0% 30.8% 26.7%
Scenario 3L >1,000%  57.5% 64.9% 61.5% 86.8% 178.3% 71.4% 54.4% 45.6%
Scenario 3U >1,000%  109.8%  134.2%  410.1%  426.9%  >1,000%  >1,000% 243.9% 145.6%

Notes: In Panel B, the reported R?’s are pseudo-R?’s on the liability scale (defined in the text). The
R2 of the non-genetic covariates and of the current PGI (G,) are estimated in the data; in Scenarios
3L and 3U, the R? of the future PGI (G ) is assumed to be equal to the disease’s SNP heritability and
twin heritability, respectively, and the joint R? of the future PGI and the covariates is obtained from
our econometric model. The AR? of a PGl is its incremental predictive power over the covariates
for the disease, defined as the difference between the R? of the PGI and the covariates jointly and

the R? of the covariates only. The four scenarios are defined in the text.

26



multivariate distributions across the diseases of the genetic disturbance terms V,
of the current PGI error terms €, and of the probit error. Online Appendix 3 gener-
alizes the model, identification theorem, and estimation procedure.

Results. Figure 3 displays the risk distributions and implicit taxes for the
multiple-disease contract for males in the standard risk class. The average pop-
ulation risk is 25.6%, but there is a lot of variation in individual risks, even when
conditioning only on the non-genetic covariates (Scenario 1). In Scenario 2, when
individuals observe their current PGlIs, the spread of the distribution of private
risk R in the standard risk class increases, with tgy = 30.8%. This implies moderate
levels of selection similar to those found by Hendren (2013) in markets that had
not unraveled.

In Scenarios 3L and 3U, when individuals observe their future PGIs, the dis-
tribution of private risk R becomes very spread out. In Scenario 3L, with future
PGIs that explain as much as the diseases” SNP heritabilities, consumers at the 5th
and 95th percentiles of R face risks of 7.8% and 50.4% of contracting a covered dis-
ease; in Scenario 3U, with future PGIs explaining as much as the twin heritabilities,
the corresponding figures are 0.7% and 91.3%. Thus, with future PGIs, the stan-
dard risk class contains a range of individuals—all of whom face the same price
of insurance—some with very low private risk and others with very high private
risk, suggesting ample opportunity for selection. Consistent with this, tgg = 54.4%
in Scenario 3L and 243.9% in Scenario 3U, implying elevated levels of selection that
have not been observed in well-functioning market segments.

The results for the multiple-disease contract for females in the standard risk
class are qualitatively similar (Table 4). Overall, the broad patterns observed for
the single-disease CII contracts hold for the multiple-disease contracts. However,
the implicit taxes are often lower in the bundled contracts.

6 Robustness and extensions

6.1 Robustness analysis in the Health and Retirement Study

The Health and Retirement Study (HRS) is a longitudinal dataset of ~20,000 indi-
viduals with genotypic, health, lifestyle, and socioeconomic data. To examine the

robustness of our results and to facilitate replication, Online Appendix 4 imple-
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Figure 3: Multiple-disease contract for males: risk and implicit tax

Notes: Left panel: distribution of the risk of contracting any of the six diseases in the male
multiple-disease contract by age 65, conditional on various information scenarios and computed
in the UKB data (N = 175,466). The vertical blue line marks the average risk in the standard risk
class (7 = 0.2467). The standard risk class individuals are shown in blue; insurers treat these
individuals identically, so the blue distribution corresponds to the distribution of private risk for
these individuals. Right panel: implicit tax for consumers in the standard risk class as a function
of their percentile private risk of any of the six diseases in the male multiple-disease contract for
each scenario.
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ments our model in the HRS. The main limitation of the HRS is that its health and
medical data are less detailed. The HRS relies largely on self-reports, whereas the
UKB incorporates EHR data and a comprehensive nurse-administered assessment.

We searched the HRS for high-quality data on critical illnesses. The highest
quality variable is a question about diagnoses for heart conditions. The conditions
include coronary artery disease (CAD), but also some less severe conditions. For
the purposes of our analysis, we define the “HRS CAD” contract as a CII contract
for the HRS heart conditions. We repeated our estimation procedure in this sample.

The HRS CAD results are qualitatively similar to the UKB results. We find no-
ticeable selection with the current PGI (tgy = 18.9%), and large amounts of selection
with the future PGI (tgy = 51.8% in Scenario 3L and 96.0% in Scenario 3U). See On-
line Appendix 4.

6.2 Robustness analysis in a calibrated equilibrium model

Our analysis ignores risk preferences and market equilibrium. To check the ro-
bustness of our results, we consider a parsimonious calibrated equilibrium model
of adverse selection in the CII market. We use the standard supply and demand
model of Akerlof (1970) and Einav, Finkelstein, and Cullen (2010).

We model insurance demand using a binary loss framework. A loss reduces
consumption by a fraction Ac. Consumers vary along two dimensions of hetero-
geneity: their probability of loss (disease risk) and their relative risk aversion. The
cost for firms to provide coverage equals the expected payout plus a fixed cost F.
We apply the model to the HRS CAD contract. A key advantage of using the HRS
is that Kimball, Sahm, and Shapiro (2008) estimated individual-level relative risk
aversion based on HRS survey questions. We use their estimate of each consumer’s
relative risk aversion. For disease risk, we use our econometric model.

This leaves two parameters to calibrate: Ac and F. We calibrate these to match
basic CII market statistics from the UK. Based on industry estimates, we set the
equilibrium quantity (i.e., the fraction of individual who buy coverage) to 30% and
choose fixed costs F that imply a loss ratio of 50%. We always restrict attention to
consumers in the standard risk class, and perform the calibration in Scenario 1
where the only information is from non-genetic covariates.

Results. Figure 4 displays the supply and demand graphs for each scenario.
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We refer readers to Einav, Finkelstein, and Cullen (2010) for a detailed discussion
of these curves. In summary, the demand curve represents the percentage of con-
sumers who would like to purchase insurance as a function of the price. The aver-
age cost curve AC represents the cost of selling coverage to an average buyer, as a
function of the fraction of consumers buying insurance. If there is no selection, the
cost of selling insurance is independent of the set of consumers buying insurance,
and the AC curve is flat. With adverse selection, the average cost is downward
sloping because it is cheaper to sell to the average consumer in the entire market
than to sell to the average consumer in a segment with higher willingness to pay
(which correlates with disease risk). Einav, Finkelstein, and Cullen (2010) define
the marginal cost curve MC as the cost of selling to a marginal consumer.

In Scenario 1, where consumers only observe non-genetic covariates, the AC
curve is nearly flat because there is almost no selection. This is consistent with
the definition of the standard risk class. The demand curve is also relatively flat
because variation in disease risk is limited while variation in risk aversion is not
sufficient to create large differences in willingness to pay. The equilibrium quantity
is nearly identical to the calibration target of 30% of consumers buying insurance.

In Scenario 2, consumers have access to the current PGI. The AC and demand
curves rotate and become steeper. The consumers who are most willing to buy in-
surance are on average more likely to incur a loss. These changes affect the market
equilibrium. The equilibrium quantity goes down to 21.4%. Thus, giving con-
sumers access to their current PGI creates a noticeable amount of selection.

In Scenarios 3L and 3U, consumers have access to future PGIs with predic-
tive power given by the heritability estimates. In both cases, we see a dramatic
steepening of the demand curve. This creates a large amount of adverse selection,
consistent with our measures purely based on disease risk, such as the implicit
tax. Accordingly, in both cases the equilibrium quantity goes to zero. The market
suffers from a complete Akerlof (1970) death spiral, and there is no trade. So con-
sumers accessing their future PGIs would result in a large, potentially crippling,
amount of adverse selection.

We emphasize that these results are based on a parsimonious model calibrated
from the data, but different equilibrium models may yield different results. Online

Appendix 5 gives additional details.
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Figure 4: Supply, demand, and equilibria

Notes: This figure shows the Einav, Finkelstein, and Cullen (2010) supply (AC, black line), demand
(D, blue line), and marginal cost (MC, thin black line) curves as well as the equilibrium point (in
red) for CII under the four scenarios. The figure is based on the calibrated equilibrium model for
the HRS CAD contract. The four scenarios are defined in the text.

6.3 Partial take-up of genetic testing

Scenarios 2-3U assume that 100% of consumers take up genetic prediction technol-

ogy. However, there is uncertainty about the future take-up rate. The modal expert

opinion is that it will be high (e.g., Meyer et al., 2024). Consistent with this, as men-
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tioned, clinical trials integrating PGIs are underway, consumer genetics companies
have started offering disease risk prediction, and large healthcare providers plan
to inform millions of patients of their genetically predicted disease risk.

Nonetheless, to examine the robustness of our results to assuming lower take-
up of genetic testing, we compute our results under two alternative take-up sce-
narios: 10% in the low take-up scenario and 50% in the medium scenario. As ex-
pected, the amount of selection goes down with lower take-up. In the low take-up
scenario, there would not be much selection regardless of the available prediction
technology. In the moderate take-up scenario, gy remains problematically high for
all the single-disease contracts in Scenarios 3L and 3U. For the multiple-disease
contracts, tgg is just below Hendren’s unraveling region in Scenario 3L, and is in
the unraveling range in Scenario 3U. These results suggest that selection could be-
come problematic once the predictive power exceeds the future lower bound and
the take-up rate exceeds 50%.

6.4 Improvements in non-genetic prediction

Our analysis has considered expected future improvements in genetic prediction
technology while treating the predictive power of non-genetic data as fixed. How-
ever, if the predictive power of non-genetic covariates correlated with PGIs also
improves over time, the extent of adverse selection may be lower than what our
estimates suggest. This concern, however, may be muted in light of the historically
slow progress in non-genetic risk prediction.

For example, for coronary artery disease (CAD), risk prediction models have
evolved—from the Framingham Risk Score (1998) to the Pooled Cohort Equations
(PCE; 2013) and the AHA PREVENT equations (2023)—yet recent comparisons
find broadly similar predictive performance, with only modest gains in some sub-
groups (Zhou et al., 2025). For other conditions, such as prostate cancer, prediction
models rely on biomarkers that become informative only once the disease pro-
cess has begun, and are thus ill-suited for long-run risk prediction; additional epi-
demiological variables yield only marginal gains in long-run prediction (Louie et
al., 2015). Similarly, omics biomarkers—such as metabolomic and transcriptomic
profiles—tend to capture current biological state rather than stable long-run risk,

limiting their utility for long-run prediction; epigenetic measures, while sometimes
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predictive of near-term outcomes, tend to integrate accumulated exposures rather
than identify constitutional predisposition (Yousefi et al., 2022). This stands in
stark contrast to genetic prediction: thanks to recent advances, PGIs of height and
of many diseases now explain roughly 45% and 5-10% of the variation, respec-
tively, up from zero in the early 2000s (see Section 2.1 and Table 1). Further, being
tixed at conception, PGIs predict disease risk decades before onset.

6.5 Policy implications

Many developed countries currently ban insurers from using genetic information
(Swiss Re Institute, 2017). Our findings suggest that, with future genetic prediction
technology and widespread genetic testing, these bans would lead to high levels
of adverse selection in CII, with the risk of market unravelling for most of the
contracts we study.

There is a large amount of research and practical experience on how to regulate
selection markets to address market failures due to asymmetric information (e.g.,
Einav, Finkelstein, and Levin, 2010; Einav, Finkelstein, and Fisman, 2023). The
problem of regulating genetic information in insurance is similar. In a nutshell,
regulation of selection markets typically seeks to balance two goals: efficiency and
redistribution. Efficiency aims to maximize total economic surplus. Redistribution
aims to help particular groups, in particular high risk groups who face a higher
price of insurance (but also consumers with lower wealth or worse health status).
The standard regulatory playbook can be divided in three approaches: laissez-
faire, government provision, and managed competition. Empirical work similar
to existing research on other selection markets will be necessary to design optimal
policies for the CII market.

6.6 Other insurance markets

Our analysis extends in principle to health, life, and long-term care insurance, but
these markets are harder to study. Unlike CII, which pays a lump sum upon diag-
nosis of a covered disease, health and long-term care insurance cover aggregate ex-
penditures shaped by many conditions simultaneously, and heritability estimates
and well-powered PGIs are less developed for these composite outcomes. Of the
three, life insurance is closest to CII because claims are likewise triggered by a
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discrete event and because this market is more similar across countries. For each
insurance type, the key requirements are a current PGI with sufficient predictive
power to credibly project its future power for the insured outcomes, and reliable
heritability estimates; both demand large samples with genetic data matched to
insured outcomes or proxies for them.

For life insurance, a PGI of lifespan could in principle predict death, but ex-
isting PGIs still have limited predictive power (e.g., Timmers et al., 2019), which
may make estimation imprecise. Twin studies typically estimate the heritability of
adult lifespan at ~25% (Christensen, Johnson, and Vaupel, 2006; Timmers et al.,
2019), though estimates are sensitive to the location and time period of the sample
and to methodological assumptions. For health insurance, Lakhani et al. (2019)
analyze claims data from 56,396 twin pairs from a large US health insurer and es-
timate the heritability of claim costs at 29%, and Zeeuw et al. (2021) obtain similar
estimates using data from the Netherlands Twin Register linked to administrative
health records. However, current PGIs of claim costs still have limited predictive
power (e.g., Zeeuw et al., 2021; Lee, Jukarainen, et al., 2023). The GenCOST con-
sortium is currently conducting a large GWAS of healthcare costs in a sample of
over 2 million individuals, which should yield a more predictive PGI (May-Wilson,
Nakanishi, Lee, et al., 2024). For long-term care insurance, to our knowledge, no
GWAS has yet been conducted on the most relevant outcomes, such as care needs
or costs.

7 Conclusion

We measure the potential for adverse selection in the CII market due to genetic
prediction. We find that if genetic testing becomes widespread, there would be no-
ticeable selection with the current prediction technology. The amount of selection
would be potentially crippling with the expected future technology.

Genetic prediction is a powerful new technology that has the potential to bring
about important benefits, such as personalized medicine and preventive treat-
ments. Understanding the unintended consequences of this technology can help
society mitigate its negative effects while still harvesting its benefits. This study
aims to improve our understanding of these possible unintended consequences

for insurance markets. Future work should explore optimal policies for the CII
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market and extend the analysis to other important markets such as life, health,

and long-term care insurance.
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Appendix

A Proof of Theorem 1

Lemma A.1. Conditional on G, = gc and W = w, Gy is normally distributed with mean
agc + bw0 and variance c2, where

1
2 1 1 1

2 o o




Proof. By Assumption 2, conditionalon W = w, Gy = w6 + V, withV ~ N (0, (7‘2,).
And by Assumption 3, Gc = Gf +¢€, withe ~ N (0,02). Lemma A.1 then follows
from the formula in Gelman et al. (2013, p. 40, Equation 2.10). This is a standard

formula from Bayesian statistics. O

Proof of Theorem 1. We will show that the parameters I = (Pw, B,6,0%,02) are
functions of P4ata: Pw is trivial because W is observed. We now turn to the
other parameters.

Part 1: 6. Assumption 4 implies that E[G.|W = w] = w6. Assumption 1 im-
plies that there is a set of w’s in the support of Py that span the entire space. So 6
is the vector of coefficients of a regression of G, on W.

Part 2: 02. By Assumption 4, there exists a latent variable £ for the disease such
that £ := GB¢ + WP, + 1, wherey ~ N(0,1),7 L (W,V,¢e),and L = {L > 0},
and where the operator {..} is equal to 1 if its argument is true and to 0 otherwise.

Let R2 be the pseudo-R? of a probit regression of L on the current PGI, and let
RJZC be the pseudo-R? of a probit regression of L on the future PGI. We have

,  Cov[L,G?
¢ Var|[G] Var[L]’

COV[ﬁ, Gf]z

R% =
f Var[Gy] Var[L]

Therefore, using the fact that Cov[L, G¢] = Cov[L, G.] and Var[G ] = 1, we have
RZ/R% = Var[Gy]/Var[G,] = Var|[Gy]. RZ is a function of the data, Assumption 5
says that we know Rjz,, and Assumption 3 implies that 1 = Var[G.| = Var[Gy] + ¢Z.

Plugging in the formula above, we have

2
or2=1- R—g (A.1)
R
f
Part 3: 0. Assumptions 3 and 2 yield
Ge=WO0+V +e. (A.2)

Taking the variance, we find 1 = Var[W6] + 0% + 02, so that
0% =1— Var[W6| — o2. (A.3)
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Part 4: B,. As mentioned in Part 2, by Assumption 4, we have L = {G¢Bq +
WB,, +1n > 0}. Consider the distribution of L conditional on G. = g, and W =
w. Lemma A.1 implies that Gf = ag. + bw0 + cv, where v is a standard normal

random variable independent of 7. Therefore, conditional on G, = gc and W = w,

L = {(agc +bwO+cv)Bs +wpB, +1 >0}
= {gcaBs +w(b0Bg + B,,) + 1 +cvpg >0}
{ aPg bﬂﬁg + ,Bw 1+ cvBqg O} .

1+c2[32 1+ c2B3 1+c2p2
“yeen

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

g w20Bs + By
1/1—}—02,32 1/1+02,B2

Let v be the coefficient vector of a probit regression of L on G, and W. Then

Te = 2t
N

square of both sides and solving, we find

Pr(L =1|Gc = g, W =w) (A.4)

. This equation implies that B, has the same sign as 7,. Taking the

Bo= ——18 (A.5)

a2 — y3c?
This result implies that |y,| < a/c.

Part 5: B,. By Equation A.4 and using the fact that the support of W includes a
set that spans the entire space (Assumption 1), ¢, = Y9PstPy Then

Vi

:Bw = Tw \/ 1+ Czﬁé - beﬁg- (A.6)

B Estimation of the single-disease model

For Scenarios 1 and 2, estimation involves only a probit regression of the disease on

the non-genetic covariates (Scenario 1) and of the disease on both the non-genetic
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covariates and the current PGI (Scenario 2).

For Scenarios 3L and 3U, we first estimate R‘Z‘, Ug, and Py (see Appendix A).
For (6, B,0%), we use maximum likelihood estimation. To simplify the analysis,
write the vector of parameters as ((7%, 7,6, B, (7‘2/), where (7% = (762 + (7‘2, and v are
the coefficients of the probit regression of L on G, and W (Equation A.4). Written
this way, B is a function of the other parameters, as given by Equations A.5 and
A.6, and (7%, is a function of (7%.

We can decompose the likelihood function:

f(L=1,G. =g, W= w|a%, v, 0)
=fuw(W) - frm(ge|w; 07,7, 0) - fom(l|ge, w; 07,7, 6).

The distribution of G, conditional on W = w is given by the linear model (LM)
in Equation A.2 and the distribution of L conditional on G, = g and W = w is
given by the probit model (PM) in Equation A.4. Therefore, the likelihood can be
simplified to

fo(W) - frm(8elw; 0%, 0) - foai(l]ge, Wi ).

Therefore, the log-likelihood function is a constant plus

log fLu(gc|w; o7, 0) +1og fom(1|ge, w; ).

Thus, we can fit the model by maximum likelihood separately for (02, 6) with a
linear model and for 7y with a probit model. B and 0% can then be calculated.

For inference, the log likelihood has no interaction terms between (¢2, 8) and 7.
Therefore, the Fisher information matrix for these parameters is block diagonal, so
(¢2,0) and v are asymptotically normal and independent, with the standard errors
from their separate estimation. Because B and 03 are smooth functions of the other
parameters, they are also asymptotically normal. We estimate the full variance-
covariance matrix for the parameters (6, B, 05) with the delta method. Because we

are using maximum likelihood, the estimator is asymptotically efficient.
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