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Abstract

With advances in genetic research, the understanding of the genetic
structure of disease and the ability to predict disease risk have been
enhanced. Polygenic risk scores (PRS) have been developed to assess
a person’s risk of developing any heritable disease. PRS has two pri-
mary utilities that make it particularly relevant for insurers: the ability
to identify high-risk groups when using PRS independently or in com-
bination with standard risk factors; and the ability to inform early
interventions that may alter future morbidity and mortality. Using
heart disease as a case study, a simulation-based model is designed
that introduces polygenic risk scoring into the actuarial analysis frame-
work and then quantifies the adverse selection due to information
asymmetry introduced by PRS. Individual and parental disease lia-
bility as well as PRS were simulated under a liability threshold
model. A series of validations were conducted to confirm the util-
ity of our simulated data sets. We explored three scenarios describing
how insurance applicants use their PRS results to guide their insur-
ance purchasing decisions and calculated the increased premiums that
insurers would need to change to counteract this. The accuracy of
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PRS has the most significant impact on premiums and the proportion
of individuals who know their PRS also has a substantial impact.

Keywords: Polygenic risk scores, Critical Illness insurance, Premiums,
Adverse selection

1 Introduction

1.1 Genetic information in life and health insurance

In life and health insurance underwriting, insurers build actuarial models using
various risk factors to estimate the likelihood of future health-related events,
like disease and death, and to group individuals with similar risk profiles into
homogeneous risk classes. Having access to all relevant information enables life
insurers to fairly assess and price risk in the interest of all of their customers.
However, in practice, insurers have many considerations and even restrictions
on what risk factors they can use in insurance risk classification systems [1].

Genetics plays an important role in understanding human diseases. With
the deepening of human understanding of the mechanisms of disease, the role
of genetics in the process of disease has become clearer. [2] summarized two
major roles of genetics on the understanding of human diseases “as a trans-
formative line of etiological inquiry and as a biomarker for heritable diseases”.
Statistical genomics studies have shown that common complex disorders have
a polygenic genetic architecture, and have been able to identify genetic variants
associated with diseases of interest. Today, integrating genetic risk information
and non-genetic factors, the probability of individuals developing or experi-
encing disease over a specified time can be estimated using absolute or relative
disease risk models [3]. By combining the list of disease associated genetic vari-
ants with their effect sizes, polygenic risk scores have been developed in recent
years to represent genetic risk information.

The insurance industry’s use of genetic information is a complex issue that
invokes extensive debate, including moral considerations, progress in empirical
research, and balancing interests among various stakeholders. This contro-
versy has lasted for more than 30 years, since the Human Genome Project
began (October 1st 1990 [4]). If insurance companies are allowed to use genetic
information, the risk of genetic discrimination occurs. Many people are wor-
ried that their genetic information may be misused by insurers, which might
have an effect on the available insurance options for them and their family
[5]. Moreover, because genetic information is bestowed on everyone at birth,
many critics believe that it is unjust for health insurers to use such information
[6]. Additionally, whether insurance companies would use genetic information
properly is also controversial. The premise that insurance companies can use
genetic information “well” is that genetic information can provide accurate
information about disease risks. Opponents worry that insurance companies
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may, accidentally or otherwise, misuse genetic information, as knowledge of
the genetic basis of disease is still incomplete. Finally, since family history
as an underwriting risk factor can provide information about the inheritance
of diseases between families, whether or not genetic information can provide
sufficient additional useful information is still in question.

However, the sustainability and profitability of the insurance industry can
be threatened by restricted access to risk predictors. Adverse selection cost
is the best known threat, which comes from the asymmetry of access to pre-
dictive information between insurers and the insured. Today, individuals can
easily obtain genetic information that impacts their future health status from
direct-to-consumer (DTC) tests. Once customers have predictive information
for common disease genetic risk, they can make a judgment about their future
disease predisposition. It is then reasonable to assume that customers will take
the above personal judgment into account when purchasing insurance. The
simplest assumption is that people with a genetic report showing high risk
are more likely to purchase insurance and those with low risk are less likely
to purchase insurance, but insurers cannot distinguish between these high-risk
and low-risk groups. As the foundation of insurance is that the majority of
healthy people subsidize the minority of vulnerable people, this information
asymmetry can be damaging, such as in cases where it leads to the insurer
increasing premiums for all policyholders to compensate for an increased risk
profile, including policyholders who are individually low risk. Note that we
consider adverse selection through the prism of increased/decreased probabil-
ity of purchasing insurance but do not investigate the possibility of increased
likelihood of individuals buying abnormally large amounts of insurance, the
latter of which is suggested to be the most expensive part of adverse selection
in some studies [7].

After many years of discussion and research, most Western countries now
hold a negative attitude towards whether genetic information can be used by
insurance companies. Many countries have issued government regulations or
industry self-regulation to restrict the access to genetic information by life
insurers. [5] summarized major developed countries’ considerations and latest
regulation approaches towards insurer access and use of genetic information.
Regulations will always change as the environment changes. Nevertheless,
insurance regulators and insurers maintain a consensus that insurance prac-
titioners should pay attention to the progress of scientists in genetic research
and assess the impact of these developments on insurance [8]. [9] provides a
good recent account of attitudes towards genetics and insurance companies.

1.2 Insurance and genetics research literature review

When it comes to quantitatively measuring the impact of genetics on insurance
participants, two main issues should be properly addressed: how to intro-
duce genetic information into the actuarial framework and how to measure
the impact of genetic information once such information has been successfully
added to the actuarial framework.
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Regarding the introduction of genetic information into the actuarial frame-
work, quantitative research in this area is constantly updated with the
discovery of disease-associated genes in genetic studies. Early on, genetic
studies detected strong associations between specific genes and the risk of
hereditary diseases, and such associations can also be verified in the biologi-
cal pathway. For example, the risk of adult polycystic kidney disease (APKD)
has been linked to the onset of APKD1 and APKD2 mutations. Mutations
in the Huntingtin’s disease (HD) gene predominantly determine the onset of
HD and inherited mutations in the BRCA1 and BRCA2 genes can lead to
the onset of breast cancer. MacDonald et al conducted a series of studies
to estimate the impact of disease related genetic information on insurance
(e.g. [10],[11],[12], [13], [14], [15]). It should be noted that papers including
[10],[11],[12], [13], [14], and [15] make generic conclusions that genetic links are
unlikely to be financially significant, which is something we attempt to quan-
tify in this paper. Their studies estimated the probabilities of disease onset for
each mutation at all age ranges under different circumstances, such as having
or not having access to family history, based on epidemiological data regarding
the onset of related diseases and other risk factors. The numbers of mutations
involved in those studies are finite and are usually small. Those probabilities
were then used to calculate transition intensities in multi-state Markov mod-
els, which were used to model the possible states involved in the policy time
of an insurance customer. Under the Markov models framework, premiums of
different insurance products for policy holders at any age of interest for a given
period can be calculated. The cost of adverse selection, which is caused by the
information asymmetry between insurers who do not have access to genetic
information and the policy holders who have genetic testing results available,
can be measured under reasonable assumptions about customer behaviour and
the size of insurance market. For the interested reader, [16] provide a thorough
discussion of issues underlying adverse selection and conclude that under cer-
tain realistic assumptions, social welfare and insurance loss coverage can be
increased by a ban on insurance risk classification

A far larger number of genes have been found to be associated with the
onset of common disorders, like coronary artery disease, and simulation based
research has begun to explore the impact of such multifactorial genetic disor-
ders on insurance. [17] simulated a large-scale data set to estimate age-specific
odds ratios for a 2 × 2 gene-environment interaction model, which were used
to parameterise a model of critical illness insurance. [18] used the same 2
× 2 gene-environment interaction model to explore the economic impact of
multifactorial genetic disorders on critical illness insurance.

Regarding how to measure the impact of genetic information, compar-
ing premiums across limited numbers of genotypes and measuring the cost
of adverse selection using well-defined indicators are common strategies. Usu-
ally premiums were calculated under a range of insurance settings to give
intuitive comparisons and adverse selection was monitored, capturing the infor-
mation asymmetry around customers’ genetic information between consumers
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and insurers [11, 13, 14]. Sensitivity analyses were commonly employed to
give a possible range for the cost of adverse selection. Generally, changing the
parameters involved in the calculation of transition intensities also changes the
severity of adverse selection in the sensitivity analysis, for example the muta-
tion frequencies, penetrances and the onset of disease from epidemiological
study. Therefore, the cost of adverse selection varies across different situations.
[7, 19] used the increased critical illness claim rates to represent the cost of
adverse selection under the assumptions that insurers were banned from hav-
ing access to genetic information and customers who tested positive tended to
buy extra insurance. [7, 19] concluded that as more and more people undergo
genetic testing, this risk would increase and threaten the future stability of
the insurance industry.

1.3 Today: polygenic risk scores in insurance

With understanding of the genetic basis of human disease deepening [20], a
consensus has been reached that most human diseases with high incidences,
like asthma, diabetes and cancers, are multifactorial disorders, which are
affected by multiple genes and by interactions with environmental causes. Sin-
gle nucleotide polymorphisms (SNPs) are the most common types of genetic
variants and SNP array data is the widely used type of human genome data
to detect the associated variants for the disease of interest. Such association
studies carried out on various research cohorts have found that thousands of
SNPs are statistically associated with the binary disease phenotypes, with each
SNP only having a modest impact on the risk of each disease. Polygenic risk
scores (PRS), also called genetic risk scores, are created by combining effects
of a large set of statistically significant variants into a single score to represent
the individual-level genetic risk of the disease under study. Section 2.2.4 gives
more technical details on the calculation of PRS.

As an individual level genetic risk indicator, two major utilities of PRS
make it especially important for insurers: one is the ability to identify high-
risk groups when PRS is used independently or jointly with other risk factors;
another is the ability to inform early interventions, which may change the
future morbidity and mortality. The proposed use of PRS emerged with the
development of statistical genomics research and whole-genome sequencing
technology in recent years. Since the International Schizophrenia Consortium
[21] reported that PRSs calculated from 37,655 SNPs on schizophrenia had
the ability to predict up to 3% of the liability in independent case-control
samples in 2009, PRSs for many common diseases have been developed and
have demonstrated potential for disease onset risk prediction. [22] summarized
that there have been 2783 publications calculating PRSs on common human
disorders and complex traits since 2009, with the predictive power of PRS
increasing during the past decade. The clinical usage of PRS has been discussed
widely by academia because adding PRS to the existing combination of clinical
risk predictors has been shown to improve the accuracy of risk stratification
for heart disease and other illnesses [23]. Informing PRS-identified high-risk
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subgroups of the population of their lifetime risk and then encouraging them to
consider prevention strategies has the potential to reduce their risk of disease.
A study conducted by [24] found that genetic risk can be attenuated by a
favourable lifestyle among study participants at high genetic risk of coronary
artery disease. The follow-up study carried out by [25] found that about half of
individuals at high 10-year atherosclerotic cardiovascular disease risk had made
health behaviour changes, including seeing a doctor, losing weight, quitting
smoking, and signing up for health coaching online.

Not only is the use of PRS growing rapidly in academia, PRS is also get-
ting closer to everyday lives. For example, as a leading company providing
direct-to-customer (DTC) genetic testing services, 23andMe started to pro-
vide their customers’ risk of developing Type 2 diabetes based on their genetic
profile, in 2019. [26] built a non-profit genetics analysis site, called impute.me,
to provide PRS calculations and results interpretations for DTC customers by
allowing them to simply upload their genetics data obtained from DTC ven-
dors. MyGeneRank is a mobile app for coronary artery disease risk calculation
and explanation, which allows 23andMe adult customers to get their poly-
genic scores after uploading their genetic data. GenoPred [27] is another tool
to translate PRS into easy-to-understand results.

Insurance participants have been aware of the potential threat brought
about by PRS in recent years. [28] introduced PRS as the genetic risk pre-
diction indicator for complex traits and examined the impact of PRS-based
testing on major diseases leading to critical illness claims, including coronary
artery disease (CAD), breast cancer and prostate cancer. For every disease,
they assumed there were only two types of risk related to it based on each
person’s PRS level: ‘high risk’ and ‘low risk’. For example, they assumed that
there were 20% of individuals who belonged to high risk for CAD and there
existed 45% increase in risk relative to the remaining 80% ‘low risk’ group.
Other insurance purchasing behaviour related assumptions were also made to
quantify the impact of PRS on insurers, like the proportion of the population
that obtains PRS-based genetic tests and the proportion of in-force policies
that lapse if known to have low genetic risk. Financial analysis and sensitiv-
ity analysis were conducted with the focus on estimating the adverse selection
impact of claim and lapse rates. The probability of an increase in claim cost,
comparing the claims cost before anti-selection and after adverse selection, was
estimated to measure the impact of adverse selection. Their results suggested
that genetics was not a large threat because of the low proportion of the popu-
lation who obtain PRS-based genetic tests, but adverse selection would become
a threat when more people obtained their genetic tests. Swiss Re also warned
of potential adverse selection risk brought by PRS on their website, including
the accelerated loss developments from extra insurance cover sought by high
risk groups and the need to develop new systems and methods to incorporate
genetic data [29].

Reinsurance Group of America (RGA) and King’s College London carried
out a study using real data on estimating the predictive power of PRS on

https://www.impute.me/
https://mygenerank.scripps.edu/
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common diseases and measuring the possibility of adverse selection brought by
PRS [30]. Using genotype and phenotype data on UK Biobank participants,
they confirmed the risk prediction ability of PRS on breast cancer (BC) and
coronary artery disease (CAD) by comparing the hazard ratios (HRs) among
different PRS risk groups. For example, the HR for the highest polygenic risk
group had twice the risk of CAD compared with the middle risk group (HR
= 1.97). They then quantified the impact of PRSs on adverse selection by
assuming three different insurance purchasing behaviours with varying weight
of PRSs on the decision of insurance purchasing. The cost of adverse selection
brought about by PRSs rose with the increasing role of PRSs in the insurance
purchasing decision. [31] specifically mentioned that life insurers might use
PRSs to adjust premiums, but must use and interpret PRSs carefully.

When measuring the impact of PRS on life insurers, the results PRS
customers receive are the most direct indicators influencing their insurance
purchasing behaviours. There are three main types of PRS results obtained
from DTC genetic reports or online PRS calculation tools, which are the haz-
ard ratios, the risk score position, and the absolute risk. Hazard ratios can be
calculated from Cox regression models with the adjustment of other disease
risk related parameters. This is the indicator used by [30]. One customer’s risk
score position for the disease under study gives this customer’s quantile posi-
tion on the overall population’s risk distribution. If one customer’s score lies at
the 15% percentile, it means his/her genetic risk score for this disease is lower
than 85% of and higher than 15% of the general population. This is one type
of result obtained from impute.me. One way to show absolute risk is by giving
the incidence in the group of people with similar genetics to this customer and
the incidence in the general population. Using the result from GenoPred [32],
a person with PRS 2.36 (population prevalence 10%, polygenic score effect size
type Cohen’s D, polygenic score effect size 0.7) has incidence of 33.2% among
people with similar genetics, and incidence of 10% in the general population.
Customers can be impacted by any of those risk indicators and then alter their
insurance purchasing decisions.

1.4 Research goals

This study aims to introduce PRS for a common disease into the actuarial
analysis framework through a simulation-based method. We use heart attack
as a case-control study, as this disease has been well documented by [12] and
[33]. We are aware that most real insurance policies cover multiple diseases.
The simulation approach introduced in this study can be extended to any
other disease of interest and the impact of PRS from each disease of interest
can be analysed at the population level. The medical relationships between
various diseases, such as comorbidities, are beyond the scope of this study.
Insurance companies may not be able to get access to individual-level genetic
information data resources, like the UK Biobank, or have access to customers’
genetic profiles, as most Western countries banned the usage of genetic infor-
mation by insurers. Within the simulation setting, actuarial analysis can be

https://www.impute.me/
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carried out to measure the impact of PRS without direct access to real PRS
data. Individual-level PRS is simulated for a large population to represent
the genetic profile. Employing PRS as a continuous genetic risk gradient, the
study population can be grouped into any number of subgroups of interest. In
reality, the PRSs calculated on different research cohorts using different PRS
methods have varying risk prediction ability. The accuracy of PRS is also con-
sidered in the simulation setup and the resulting differences are explored in
various purchasing scenarios.

The simulation assumptions are explained in Section 2. We first simulate
individual-level information for a large population, including age, sex, poly-
genic risk score, overall disease risk score, disease status, and family history
status. The results for the validation of our simulated data sets and from the
actuarial analysis are found in Section 3. Conclusions and further work follow
in Section 4.

2 Methods

2.1 Assumptions for data set simulations

We first simulate individual-level information for a population of 500, 000
people, including age, sex, polygenic risk score, overall disease liability, their
parents’ disease liability, and disease status of offspring and parents. Family
history of cardiovascular disease has been well studied as an independent risk
factor for coronary heart disease both in the short and long term, which iden-
tified the genetic contribution to disease susceptibility [34, 35]. All of these
variables are sampled from their empirical real world distributions with appro-
priate stochastic relationships between variables. Disease related variables are
related to each other and to non-disease variables according to established asso-
ciations. Insurance purchasing behaviour is simulated under various adverse
selection scenarios and then used to estimate the impact of PRS on insurers.

Simulated parental disease statuses are used only to obtain the family his-
tory of the offspring, while insurance purchase behavior is studied only for the
offspring. Key assumptions are:

1. All simulated individuals were assumed to belong to the same population,
which in this study was the white British population. This is because, due
to the complexity of the analysis, statistical genetics studies dedicated to
establishing individual-level genetic risk are usually conducted in cohorts
with the same ancestry, including the calculation of PRS [36].

2. The age range was set from 0 to 69 years at age last birthday. The proportion
of each age and sex group given in Table 1 was adjusted from the census data
of the United Kingdom from 1995 [37]. The initial age for each individual
was randomly uniformly simulated from the corresponding age range in
that grouping. The age difference between parents and offspring is set to 30
years.
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3. Heart attack disease liabilities and PRSs for both parents and offspring were
simulated under the liability threshold model (LTM). The LTM assumes
that human disease risk can be measured by a hidden continuous liability,
which is determined by the sum of inherited genetic liability (from parents)
and the liability from the environment in which the offspring live. The
threshold is a point on the continuous distribution of disease liability, which
is determined by the prevalence of the disease in the sample population, and
is used to distinguish cases and controls. The extent of inherited liability
for different diseases varies and is measured by heritability. PRS is the
genetic component liability that can be measured under current technology.
Different PRS calculation methods capture varying degrees of inheritance
liability, and thus the accuracy of PRS is embedded in the simulation.
Section 2.2 explains this terminology in detail. See also Figure 1.

4. We assume that individual disease liability remains constant over the life-
time, but that thresholds vary with age. After simulating offspring age and
sex, parent ages, offspring and parents’ overall disease liability and PRS,
thresholds or prevalence rates are needed to determine the onset of heart
attack. In this study, the age and sex-specific prevalence rates used in the
LTM are derived from the heart attack transition intensities of a 4-state
Markov model (see Figure 2).

The onset of parents’ heart attack is determined before the onset of their
offspring. For parents, we assume that they have only two states, either a
healthy state or a state where they have had a heart attack. The threshold
point to determine every parent’s disease status is calculated using the
independent lifetime heart attack probabilities. For offspring, we assume
all start with a healthy state under this multi-state model and that any
changes in state occur on a yearly basis, so we can count the number of
heart attacks and deaths after each year’s simulation. Theoretically, the
simulation can be conducted for any duration, but for the sake of simplicity
we perform only one year of simulation in this study, and therefore we do
not need to consider the newly added heart attack events for parents. We
assume that the presence of family history is decided by the onset of the
disease in either parent, as determined by the LTM. This may or not be the
same as the definition of family history used by an insurance underwriter,
but we believe it is a good proxy for family history even in cases where the
definitions are not identical. Section 2.3 explains the strategy in detail.

5. We assume the impact of PRS on insurers is influenced by the propor-
tion of people who know their PRS results and the baseline percentage of
simulated individuals who purchase insurance. Using such simulated data
sets, insurers can estimate the severity of adverse selection brought about
by PRS availability under various combinations of these two proportions.
Section 2.4 provides a detailed description.
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Table 1: Proportions of simulated subjects in each age and gender group. The
figures in this table cover age groups from 0 to 69 years of age on their last
birthday, adjusted from the proportions in the 0 to 94 years age group from the
1995 UK Census data, so that the sum of the proportions in the study equals 1

Age Males Females Age Males Females
0-29 0.222 0.228 50-54 0.032 0.034
30-34 0.044 0.047 55-59 0.029 0.030
35-39 0.037 0.040 60-64 0.026 0.029
40-44 0.035 0.037 65-69 0.024 0.028
45-49 0.038 0.040

2.2 Individual-level variables simulation

This study employs concepts and models from human genetics to conduct our
simulation. We start by explaining basic concepts in heritability of human
diseases.

2.2.1 Basic concepts in heritability of human diseases

The onset and progression of human diseases are highly heterogeneous, but
family aggregation of disease has been noticed and studied for a long time [38].
Heritability is the single widely used measure of the degree of resemblance
between relatives on the onset of disease[39]. In quantitative genetics, many
diseases are measured on a binary or 0/1 scale, with the absence of disease as
0 and the presence of disease as 1, and called phenotypes when used in sta-
tistical models. Complex disease heritability is defined as the total phenotypic
variance in a population explained by the genetic component only, leaving the
remaining unexplained variance attributable to environmental components or
the interaction components between gene and environment as documented in
the ensuing equation [40]:

P = G+ E (1)

where P is the phenotype value, G is the genotype value and E is the residual
including anything other than genetics. Under this model, the total phenotypic
variance (VP ) is partitioned into genotypic variance (VG) and the environ-
mental variance (VE). The genotypic component can be partitioned further
into additive genetic variance (VA), dominance component variance (VD), and
interaction component variance (VI):

VP = VG + VE = VA + VD + VI + VE

Broad sense heritability h2
B is defined as the ratio of the genetic variance VG

to the phenotypic variance VP , h
2
B = VG/VP . This ratio measures the degree

to which an individual’s phenotypes are determined by the genotypes. Because
the major cause of resemblance among relatives is the additive genetic variance
(VA), the ratio of the additive genetic variance to the phenotypic variance
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(VP ) is used to measure the degree to which an individual’s phenotypes are
determined by the genes transmitted from their parents. This ratio is called
narrow sense heritability, or simply the heritability,

h2 = VA/VP , (2)

where VA measures the variance from the additive genetic component, which
is the leading cause of resemblance between relatives.

2.2.2 Liability threshold model

The liability threshold model (LTM) assumes that there exists an underlying
continuous variable to represent a person’s risk of getting a disease, which is
the liability. When a person’s liability is above the threshold level the individ-
ual presents the disease; when the underlying variable is below the threshold
the individual is classed as normal. The observed binary disease trait is trans-
formed to the unobserved continuous liability scale under the liability threshold
model. The liability threshold model was developed to estimate the inheritance
of human disease by overcoming the “all-or-none” binary characteristic of the
human disease phenotype [38].

Falconer [40] set the liability as being governed by a normal distribution
in the LTM, a choice justified by the central limit theorem when the liability
is constructed as the sum of a large number of independent terms, as per
multifactorial common diseases. Letting t be the threshold value, individuals
with disease liabilities Y greater than t are designated to have the affected
phenotype and those with liabilities less than t are designated to have the
normal phenotype. Figure 1 provides an illustration. The area to the right t
is equal to the disease prevalence K, with Φ−1(1 − K) = t, where Φ is the
cumulative distribution function of the normal distribution.

2.2.3 Breakdown of disease liability

Under the same logic explained in Section 2.2.1, the liability of disease Y can
be assumed to the sum of additive genetic components Yg and the combination
of environment and unknown risk factors Ye. In accordance with the relevant
literature [40], we also assume that Yg and Ye are independent and normally
distributed with mean and variance σ2

g and σ2
e . Falconer [40] explained that cor-

relation between genotype and environment was an unimportant complication
and could be ignored in experimental populations. Therefore the phenotype
variance VY is taken to be the sum of σ2

g and σ2
e . For the purpose of statisti-

cal analysis, it is common to set the mean values of Yg and Ye equal to 0 and
the total phenotype variance equal to 1. Under those settings, the LTM can
be written as:

Y = Yg + Ye, Y ∼ N(0, 1), Yg ∼ N(0, σ2
g), Ye ∼ N(0, σ2

e). (3)
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Fig. 1: The liability threshold model (LTM) for a disease with prevalence K
in the studied population. The unobserved continuous disease risk Y within
the population is assumed to follow a normal distribution. Individuals with
Y ≥ t are those designated to have the disease of interest, otherwise they are
designated to be healthy individuals

The phenotypic variance explained by the genotype variance is:

VYg

VY

=
σ2
g

σ2
g + σ2

e

=
σ2
g

1
= σ2

g .

which is exactly the definition of heritability in Equation 2, so heritability
equals the variance of the genetic component under the LTM framework, h2 =
σ2
g . Those settings are still valid in recent statistical genetics research (e.g. [41],

[42] and [43]). Heritability is a value between 0 and 1 for the disease of interest.
The larger the ratio, the larger role genetics plays on the determination of
that disease. Many factors have been found to play a role in the estimation
of heritability for human diseases, including the type of disease, population
structure and research design [39].

2.2.4 PRS calculations

The human genome is composed of a series of nucleic acid sequences, compris-
ing approximately 3.2 billion nucleotides of DNA [44]. One of the primary goals
of human genetics research is to identify which DNA sequence variants impact
the onset and progression of human diseases. Sequencing the whole human
genome is difficult. Instead, researchers commonly use genome-wide genetic
variants sequencing, which sequences differences in individual DNA building
blocks, called single nucleotide polymorphisms (SNPs). Statistical genomicists
build statistical models to detect the associations between SNPs and diseases.
Genome Wide Association Studies (GWAS) is the experimental design used
to detect associations between SNPs and diseases in samples from populations
with the purpose of better understanding the biology of disease [45]. GWAS
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usually restrains their study participants to belong to the same ethnic groups
and subgroups to reduce the possibility of false-positive results [46].

Over 10,000 significant associations between SNPs and diseases have been
detected so far [45], with most variants having only small effects on the devel-
opment of diseases. Except for several genetic variants that have directly been
established to translate from gene to biological influence on common diseases
(e.g. BRCA1 and BRCA2 genes increasing the risk of female breast and ovar-
ian cancers because both genes produce tumor suppressor proteins [47]), most
variants have only small effects for the development of disease. This is because
the SNPs either play a regulatory role or are simply correlated with the genes
that directly impact disease biology.

Polygenic risk scores (PRS) were created by combining those small, but
statistically significant, variant effects into a single PRS to measure the her-
itability of a trait and disease onset. PRS is calculated by the additive or
multiplicative combination of a selected set of single nucleotide polymorphisms
(target SNPs) and corresponding effect sizes from GWAS summary statistics
into a single score to measure the heritability of a trait and disease onset. The
additive PRS is calculated as the sum of independent risk variants multiplied
by their corresponding effect sizes. Even though the additive PRS assumes
an additive genetic architecture without modelling any gene-gene or gene-
environment interactions, this architecture represents the current best estimate
of genetic architecture of common multifactorial disorders [48]. The baseline
function for additive PRS is

PRS =
∑

i

βixi

whereX refers to the set of significant variants and xi is the genotype at the i
th

selected marker, such as single nucleotide polymorphisms (SNP) allele counts
coded as 0, 1 and 2 for homozygous, heterozygous, and other homozygous
genotypes. βi is the log odds ratio or the effect size from GWAS summary
statistics for binary and quantitative traits respectively.

PRSs can also be calculated through various algorithms with different
performance. For example, PRSice[49] calculates several set of PRSs by includ-
ing SNPs below different p-value thresholds and determines the best p-value
threshold on the test data. Additionally, PRS can be constructed using
modelled effect sizes to improve the explained heritability. Commonly used
modelling methods are Beta shrinkage[50], Bayesian estimation[51] and link-
age disequilibrium (LD) adjustment[52], or the combination of two of the
methods[53]. Good references for better understanding on PRS can be found
from [22, 23, 54].

2.2.5 PRSs in the liability threshold model

Since PRS summarizes the genetic components of risk into a single score, it
can be used to represent individual-level genetic component risk. The central
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limit theorem indicates that the PRS of a large enough sample should approx-
imately follow a normal (Gaussian) distribution [54], when selected genetic
variants are independent from one another and all samples have the same
ancestry. Therefore, the LTM can be written with PRS as the measured genetic
component:

Y = Yg + Ye = PRS + Ye, (4)

where PRS ∼ N(0, σ2
PRS), given Y ∼ N(0, 1), so that the disease heritability

explained by PRS equals the variance of PRS, h2
PRS = σ2

PRS , under this
setting.

For the same disease of interest, assuming the hidden continuous liabilities
are constant for a population, if there are two sets of PRS having different
variances, the set with larger variance includes more genetic component infor-
mation and leaves less uncovered genetic component information. For example,
LDpred2 [55] calculates PRS on GWAS summary statistics and a correlation
matrix between genetic variants. PRS derived by LDpred2 for coronary artery
disease (CAD) explained about 8.5% of the phenotypic variance in the UK
Biobank participants with the ROC (receiver operating characteristic) area
under the curve (AUC) equal to 0.64 (see [56] for further details on ROC and
AUC). Other PRS methods compared by [55] all had lower AUC values. The
higher the predictive power of PRS, the higher the accuracy in differentiating
between cases and controls, and the greater the potential impact of PRS on
insurers. Research is ongoing into improving PRS estimation, therefore this
study also explores the impact of PRS accuracy.

2.2.6 The liability resemblance between parents and offspring

Using Yp and Yo to represent the phenotypic liability for parents (either mother
or father) and the phenotypic liability for offspring respectively, in the case
of resemblance between offspring and parents, Falconer [40] pointed out that
such a degree of resemblance was expressed via the regression of offspring on
parents. The liability relationship between Yp and Yo can be deduced as:

Yo = µ+ bopYp,

with

bop =
covop
σp

=
cov(Yp, Yo)

V (Yp)
,

where o and p denote offspring and parents respectively, covop is the covari-
ance of offspring and one parent, and σp is the variance of one parent. The
covariance of offspring and one parent, covop is the sum of the covariances aris-
ing from genetic and environmental causes. For humans, members of a family
usually share a common environment because they are reared together, so vari-
ance from environmental is negligibly. Then, the covariance of offspring and
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parents becomes the genetic covariance of offspring and parents, specifically
the additive genetic covariance because this type of variance is the major cause
of resemblance between relatives. Therefore, bop becomes:

bop =
covop
σp

=
cov(Yp, Yo)

V (Yp)
=

cov(Ap, Ao)

V (Yp)
.

The additive genetic covariance of offspring and one parent, cov(Ap, Ao) is
half of the additive genetic variance of parents. This is because When a child
is born, one of the parental genes and another gene chosen at random from the
population are incorporated into the child under the assumption of random
mating. Therefore, the average genetic value in the offspring is half that of the
parent’s additive genetic value, which is cov(Ap, Ao) = 1/2V (A).

Using those assumptions, the liability relationship between Yp and Yo can
be deduced as:

Yo = µ+ bopYp

= µ+
covop
σp

Yp

= µ+
cov(Yp, Yo)

V (Yp)
Yp

= µ+
cov(Ap, Ao)

V (Yp)
Yp

= µ+
1/2VA

VP

Yp

= µ+ 1/2
VA

VP

Yp,

because heritability equals VA

VP
(Equation 2), therefore

Yo = µ+ bopYp = µ+ 1/2h2Yp.

The liability covariance between offspring and one parent can be calculated
by the heritability:

cov(Yp, Yo) = cov(Yp, 1/2h
2
NYp) = 1/2h2

N (5)

2.2.7 Simulating disease liabilities for parents and offspring

jointly

We have derived the liability covariance between parent and offspring in
Equation 5. Combined with the liability threshold model assumptions in
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Equation 3, we can write the covariance matrix for parent and offspring as:

(

Yo

Yp

)

∼ MVN2

((

0
0

)

,

(

1 0.5h2

0.5h2 1

))

Here, 0.5h2 means that the resemblance in disease liability between one
parent and offspring is half of the inherited genetic predisposition as each
offspring inherits half of their risk from each parent. For offspring, when we
use PRS to represent the measured genetic component, the covariance between
offspring PRS and offspring disease liability is h2

PRS (Equation 4). Combining
these relationships, disease liabilities for parents and offspring can be simulated
jointly, with the relationship written as a covariance matrix for multivariate
normal distributed random variables [43]:









Yo,g

Yo

Yp1

Yp2









∼ MVN4

















0
0
0
0









,









h2
PRS h2

PRS 0.5h2
PRS 0.5h2

PRS

h2
PRS 1 0.5h2 0.5h2

0.5h2
PRS 0.5h2 1 0

0.5h2
PRS 0.5h2 0 1

















(6)

where Yp1, Yp2 and Yo are the hidden continuous liabilities of heart attack
for parents and offspring and Yo,g is the measured genetic component of the
liability for offspring.

This study uses heart attack as a case study. Many factors can contribute
to an individual’s first-ever heart attack. Coronary artery disease (CAD) is
one major cause of heart attacks. In this study we use the estimated heritabil-
ity for coronary artery disease to represent h2 for the first-ever heart attack
in our simulation. CAD is a well-studied multifactorial genetic disorder, and
heritability estimates for CAD range between 40% and 60% based on pedigree
studies [57]. Current technology cannot locate all genes that have an effect on
disease onset, so these values give an estimated upper bound of the pheno-
typic variance explained by the genetic component of CAD. In this study, we
use 50% as the heritability of CAD, in other words, the total phenotypic vari-
ance explained by the entire genetic component is equal to 0.5. Therefore, the
covariance between Yp and Yo is equal to 0.5h2 = 0.5∗0.5 = 0.25. To represent
realistic sets of PRS, we simulate PRS with different variances, h2

PRS is set
equal to 0.01, 0.1, and 0.3, all less than 0.5. Here, 0.01 represents the situation
where PRS has almost no power to distinguish cases and controls. The second
choice, 0.1, is close to the heritability explained by CAD-PRS calculated using
the LDpred2 method [55]. The final value, 0.3, is the approximate upper limit
of the variance explained by PRS across diseases [23]. This is because PRS only
represents one type of genetic component (SNP), and there are other types of
genetic information that contribute to the inheritance of disease.
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2.3 Onset of heart attack for parents and offspring

The onset of heart attack for both parents and offspring is determined under
the liability threshold model. After simulating offspring age and sex, parent
ages, offspring and parents’ overall disease liability and PRS, thresholds or
prevalence rates are needed to distinguish cases from controls. Prevalence rates
come from a 4-state Markov model, which was used to model heart attacks by
[33]. We first simulate heart attack onset in the parents and then simulate the
onset in the offspring.

2.3.1 The 4-state heart attack Markov model

This model is presented in Figure 2, which assumes that every simulated par-
ticipant starts at the healthy state, and then allows them to remain healthy
or transition to the heart attack or dead (not from heart attack) states over
the simulation period. Transition intensities are represented using the notation
µ12
x , µ13

x , or µ24
x for the relevant pairs of connected states, where x denotes age.

Fig. 2: The 4-state heart attack Markov model used in the simulation. Tran-
sition intensities between any two connected states are expressed as µ12

x , µ13
x ,

or µ24
x

The transition intensity between the healthy state and the heart attack
state, µ12

x , was first formulated by [12] based on the numbers of first-ever cases
of heart attacks between September 1991 and August 1992 taken from [58].
Table 2 replicates the one-year incidence of first-ever heart attack formed by
[12], and they fit transition intensities for males and females separately. For
males they fitted the following functions:

µ12
x = exp(−13.2238 + 0.152568x) x < 44, (7)

µ12
x = (−0.01245109 + 0.000315605x) x > 49, (8)
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with linear interpolation between ages 44 and 49. For females they fitted

µ12
x =

0.598694

Γ(15.6412)
× 0.1531715.6412exp(−0.15317x)x14.6412for all x. (9)

Table 2: Incidence rates of first-ever heart attack, taken from [12], who created
this table using numbers between September 1991 and August 1992 taken from
[58]. They can be used as yearly incidence rates for each age group

Age Males Females Age Males Females
0-29 0.00001008 0.00001027 65-69 0.00871719 0.00415716
30-44 0.00051187 0.00011576 70-74 0.01060510 0.00476737
45-49 0.00235051 0.00046587 75-79 0.01195642 0.00788896
50-54 0.00449053 0.00101040 80-84 0.01749664 0.00780025
55-59 0.00557936 0.00215199 85-89 0.01015918 0.00888135
60-64 0.00611582 0.00278054 90-94 0.01470766 0.00694985

Transition intensities between healthy state and dead state, µ13
x , measure

the force of mortality affecting individuals who have not had a heart attack.
We calculated all age transition intensities of non-heart attack deaths following
the steps described by Tapadar [33], as in Figure 3.

(a) Females (b) Males

Fig. 3: Transition intensities between heathy state and death state, µ13
x , after

excluding the impact of death from heart attacks for both females and males.
To calculate age-specific µ13

x , English life table (ELT) 15 is employed as the
overall mortality

We are interested in comparing the group with heart attack after simulation
to the overall population, therefore transition intensities between sickness state
and dead state, µ24

x are not of interest. Hence, we didn’t consider the post-
heart attack state (representing events like died within 28 days due to heart
attack or died due to other causes after recovery from heart attack).
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2.3.2 Heart attack events for parents

For the parents, after we simulated their age and disease liability, we assumed
that they were alive and had only two states - with or without a heart attack
- during their lifetime. We assume the probability of heart attack for parents
is the independent life time heart attack probability :

xq
12
0 = 1− exp(−

∫ x

0

µ12
x du),

where µ12
x is transition intensity for males (Equations 7 and 8) and females

(Equation 9) respectively. For example, for a female parent age 45, her prob-

ability of having heart attack is equal to 45q
12
0 = 1 − exp(−

∫ 45

0
µ12
45du) =

0.001710967 with µ12
45 = 0.0003570431 calculated from Equation 9. Therefore

each age and sex group has its own specific prevalence, and then the corre-
sponding liability threshold can be calculated as tx = Φ−1(1 − xq

12
0 ). This is

the threshold used to distinguish cases and controls. For populations of the
same age and sex, individuals with above-threshold liabilities are designated
as having heart attacks and with below-threshold liability are designated as
having a healthy status. In this study, we only consider whether the parent
has a heart attack from birth to their present age and assume they all alive at
present. The year in which the heart attack occurred was not simulated and
had no impact on our analysis, which is based on the offspring individuals only.

2.3.3 Heart attack events for offspring

For offspring, we assume all start with a healthy state under this multi-state
model and that the changes in state are documented on a yearly basis. We
perform one year of simulation in this study for simplicity. Since the heart
attack state and the death from healthy state are competing events in this 4-
state heart attack Markov model, dependent transitions probabilities must be
calculated from the above independent transition probabilities in Equations
7, 8 and 9. Using transition intensities µ12

x and µ13
x , the one-year independent

heart attack probability q12x and one-year independent death probability q13x
for integer age at last birthday were calculated:

q12x = 1− exp(−

∫ x+1

x

µ12
x du) (10)

q13x = 1− exp(−µ13
x ),

because µ12
x is a continuous function for all age ranges and µ13

x is a point
estimate function for each integer age.
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Assuming that deaths and heart attacks occur on average halfway through
the year, the one-year dependent heart attack probabilities aq12x and the one-
year dependent death probabilities aq13x are calculated as:

aq12x ≈ q12x (1− 0.5q
13
x )

aq13x ≈ q13x (1− 0.5q
12
x ).

Under the uniform distribution of deaths assumption, 0.5q
12
x = 0.5 ∗ q12x and

0.5q
13
x = 0.5 ∗ q13x .
For each integer age and sex group, the corresponding one-year liability

threshold tx = Φ−1(1−aq12x ) is assumed to come from the one-year dependent
heart attack probabilities aq12x and is used to determine the case and control
status under the LTM for that age group. For example, we get aq1255 = 0.00504
and then t55 = Φ−1(1 − aq1255) = 2.57 for 55-year-old males. This threshold
means that, during the one year period, 55 year-old males with disease liability
greater than 2.57 transfer to heart attack state. Remaining males in the group
are left for potential death state transfer selection. A random Bernoulli trial
with the probability of aq1355 is given to every remaining man in the group
to check if this person has a random result of 1. If so, this man is moved to
the dead state. Men, whose disease liability is less than the threshold and get
random results 0 from Bernoulli trails, stay in the healthy state at the end of
one year simulation.

2.4 Measuring the impact of PRS on insurers

If insurers and policyholders have access to the same information, there is no
possibility of adverse selection. However, because insurers have been prohib-
ited from getting access to customers’ genetic information, when insurance
applicants know their PRS results and use that to guide their insurance pur-
chasing behaviour, the potential for adverse selection arises. Following the
simulation assumptions, we can obtain a large sample size of simulated data
with individual-level information for offspring, heart attack status of their par-
ents and the heart attack status of offspring after one year of simulation. We
explore three scenarios (see Section 2.4.1) describing how insurance applicants
use their PRS results to guide their insurance purchasing decisions.

When a greater number of individuals with high PRS values decide to buy
insurance products, the proportion of heart attack events within the insured
population at the end of the policy year is higher than the proportion of heart
attack events in the overall simulation population. We measure the increased
proportion of heart attack incidence among the insured group (as defined in
Section 2.4.2) versus the overall simulated population for each scenario of
interest. In the event that adverse selection happens, insurers can increase pre-
miums to balance the increased payouts for more heart attack events among the
insured population. Using the simulated data, insurers can calculate premiums
for any groups of interest. In this study, we calculate premiums separately for
the insured population and the overall population and measure the extent of
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the premium increase (see Section 2.4.3). Marketing considerations are beyond
the scope of this study.

2.4.1 Adverse selection scenarios

The extent to which the general population possesses their genetic informa-
tion and the response of insurance customers to knowing their PRS results are
important indicators as to the potential severity of adverse selection. We record
the proportion of simulated individuals who know their PRS results and the
baseline probability of purchasing insurance for each simulated individual. In
theory we can explore any scenario of interest, but we have selected three rep-
resentative scenarios to reflect the overall trend of insurance applicants using
their PRS results to purchase insurance. The first represents a high propor-
tion of individuals knowing their PRS results and a relatively high intention
to purchase insurance in the overall population, the second describes a high
proportion of individuals knowing their PRS results but relatively low inten-
tion to purchase insurance in the general population, and the third describes
a low proportion of individuals knowing their PRS reults and a relatively low
intention to purchase insurance in the overall population. The three scenarios
considered are:

1. 100% of simulated individuals know their PRS results & 10% of individuals
intend to purchase insurance as a baseline measure.

2. 100% of simulated individuals know their PRS results & 1% of individuals
intend to purchase insurance as a baseline measure.

3. 10% of simulated individuals know their PRS results & 1% of individuals
intend to purchase insurance as a baseline measure.

The choices for the scenario % values are somewhat arbitrary, but we simply
wish to test representative values of low and higher insurance purchasing and
examine any emerging trends. Interested parties will of course wish to adapt
these settings to their own needs. It is also recognised that, for greater realism,
insurance demand (% purchasing insurance) should ideally be a function of
the premium charged, but we felt that this complicating factor was beyond
the scope and focus of the paper.

Various measures can be used to represent a person’s genetic risk for a dis-
ease of interest, and hazard ratios (HRs) are one of the common results that
individuals can get from today’s commercial genetic test reports to describe
their disease risk. HRs calculated from Cox regression analysis were employed
to explore the impact of PRS on adverse selection by [48]. They evaluated the
role of PRSs in assessing the risk of coronary artery disease and breast can-
cer using Cox regression analysis with age as the time-dependent variable and
PRSs risk group as the explanatory covariate. The median PRS risk group,
individuals with PRS within the 40–60% percentile range, is used as the ref-
erence group in their study and we replicate that approach here. The hazard
function, δ(t), is influenced by the PRS risk group (PRSgroup). In this study,
we follow the same PRS-based purchasing assumption used by [30], which
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assumes that increases in individuals purchasing insurance policies occurred as
the hazard ratio for each PRS risk group versus the reference group increased.
In other words, each PRS risk group buys insurance with probability pro-
portional to its corresponding HR, taking into account the baseline insurance
purchasing intention that is present.

δ(t) = δ0(t)× exp(PRSgroup)

2.4.2 Identify the insured group

This study assumes that every simulated individual has the same baseline
proportion of purchasing insurance until they know their PRS results. Either
100% or 10% of individuals (based on which scenario is under consideration)
are randomly simulated as possessing their PRS results. Then, every simulated
individual’s probability of insurance purchasing is adjusted based on whether
they know their HR values as a result of possessing their PRS results or not.
Finally, random Bernoulli trials determine the subset of individuals who do buy
insurance. The insured group is determined under each scenario of interest.

1. Using all simulated data, calculate HRs for each PRS risk group using the
median risk group as the reference group.

2. Randomly select individuals as having the status of knowing their PRS
results, where PRS results are captured in the form of HRs.

3. For individuals who know their HRs, adjust their probability of purchasing
insurance. For example, if the HR is 2 for the 90 − 100% PRS risk group,
under scenario 1, the probability of purchasing insurance for this high risk
group is 2 ∗ 10% = 20%. When the HR-based proportion is greater than
100%, we use 100%.

4. For every simulated individual, determine if they purchase insurance using
the Bernoulli distribution with the input parameter as their probability
of purchasing insurance. For individuals who know their HRs, they have
adjusted probabilities as their inputs, and for individuals do not know their
HRs, they have the baseline probability of purchasing insurance.

5. For each simulated data set, steps 2 to 4 are repeated 100 times to
counteract simulation basis.

2.4.3 Premiums calculation

Insurance premiums for policyholders measure the cost of future possible pay-
outs by insurers, with high-risk customers paying a larger premium. Following
the principle of equivalence, premiums can be calculated under various policy
settings. For example, [12] and [10] used transition intensities between any two
connected states from a multi-state Markov model to calculate the continuous
payable premiums for any given age with a given policy term on the insur-
ance contract of interest. Their transition intensity functions were calculated
and smoothed from grouped incidence data recorded in medical studies. How-
ever, smoothing transition intensity functions is not the focus of our study. We
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employ a straightforward single critical illness policy, which assumes payment
of a lump sum of £10, 000 is made at the end of the policy year if the policy-
holder has a heart attack during the policy year. We calculate premiums for
a one-year standalone policy, using group heart attack incidence rates as an
approximation of the transition intensity between the healthy state and the
heart attack state in the 4-state heart attack Markov model (Figure 2). Pre-
miums are calculated as the expected present value (EPV) for such a payment
with an assured 4% interest rate per year:

EPV = 100001q
12
x v, v =

1

1.04
(11)

where 1q
12
x is calculated using Equation 10.

3 Results

To validate the ability of our simulated datasets to mimic real data, we check
the ability of PRS to distinguish cases and controls and compare the incidence
rates in each sex and group in our simulated dataset with the incidence rates
among real-world subjects. The results of the comparison are satisfactory. The
impact of PRS accuracy is visualized by comparing the proportion of heart
attack events for males and females under different PRS variance settings and
comparing the cumulative incidence rates of heart attack. The risk stratifica-
tion ability of family history and PRS is compared and assessed via the change
in incidence rates. The simulated dataset is then used for actuarial analysis
with the aim of quantifying the impact of PRS on insurers. Grouped premium
calculations, Cox regression analysis and adverse selection measures are the
three aspects of actuarial analysis involved in this study. In this study, we
set h2

PRS equal to 0.01, 0.1, and 0.3. To avoid simulation bias, 100 simulation
replications were produced for each value of h2

PRS and means and confidence
intervals were subsequently calculated.

3.1 Simulation data sets validation

3.1.1 Summary statistics

A variety of individual-level information is simulated, including age, sex, poly-
genic risk score (PRS), overall disease liability, disease liability of parents and
disease status of offspring and parents. Table 3 lists the summary statistics
of the continuous variables after one year of simulation from a single set of
simulated data, with the variance of the simulated PRS set to 0.3. To avoid
missing any elements, we have removed the columns for those variables and
retained only the quantitative explanation. The variance of PRS also equals
the heritability of PRS under the LTM in this study. The starting age covers
0 to 69 at age last birthday (1). The age difference between both parents and
offspring is 30 years (Assumption 2 in Section 2.1). The simulation of offspring



Springer Nature 2021 LATEX template

24 A Simulation Study to Quantify the Impact of PRS on Critical Illness Insurance

Table 3: Summary statistics for age and liability from one simulation replicate.
This sets sample size as 500,000 and h2

PRS as 0.3

Statistic Mean St. Dev. Min Pctl(25) Pctl(75) Max
Starting age 32.672 19.351 0 16 48 69
Father’s age 62.672 19.351 30 46 78 99
Mother’s age 62.672 19.351 30 46 78 99
PRS −0.0003 0.548 −2.437 −0.369 0.369 2.403
Disease liability −0.001 0.999 −4.568 −0.675 0.675 4.841
Father’s liability 0.0001 1.000 −5.193 −0.676 0.675 4.505
Mother’s liability −0.001 0.999 −5.134 −0.674 0.672 4.667

PRS, offspring disease liability and parental liability employs the multivariate
covariance matrix in Equation 6.

Parental and offspring heart attack status was determined by the lifetime
independent probability of heart attack and one-year dependent probability
of heart attack as calculated in Section 2.3. Table 4 shows the proportions of
each event calculated from the same data set. The simulation period is only
one year, so the heart attack incidence rates and the death rate are quite low.
The earliest age at the last birthday of a simulated offspring heart attack onset
is 16 years. All other simulated data sets under the same settings have similar
outcomes.

In this study, we assume that the presence of family history is determined
by the onset of the disease in either parent. This is not the same as the defi-
nition used by insurance underwriters but is a reasonable proxy. For example,
there are in total 64, 581, 30, 011, and 603 heart attack cases for father, mother
and offspring respectively calculated from the same simulated data set used in
Table 3 and Table 4. There are 8, 602 offspring that have both parents having
experienced heart attacks. Following our assumptions, about 17% of offspring
have a family history of heart attack. Amit Khera, M.D. from the Depart-
ment of Internal Medicine at UT Southwestern Medical Center, estimated that
10 − 15% of the U.S. population has a strong history of heart disease [59],
so this outcome seems reasonable. In our simulation, we simulated age distri-
bution following the censored data distribution of the United Kingdom from
1995.

Table 4: Events table for family history and heart attack from one simulation
replicate after one simulation year, whose simulated data set has sample size
as 500,000 and heritability h2

PRS as 0.3

Stay Healthy Dead Heart Attack Total
With family history 85,005 (17%) 517 (0.10%) 468 (0.09%) 85,990 (17.19%)

Without family history 413,109 (82.62%) 766 (0.15%) 135 (0.03%) 414,010 (82.8%)
Sum 498,114 (99.6228%) 1,283 (0.2566%) 603 (0.1260%) 500,000
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3.1.2 PRS distribution

Polygenic risk scores are generated for the overall 500,000 simulated population
following a normal distribution with a mean of 0 and a variance of h2

PRS .
Figure 4 presents the cases and controls violin plots for PRS and the polygenic
score percentile plots, which are generated from the same simulation dataset
used to create the above summary statistics table and events table. The grey
violin shape represents the PRS density for cases, and the blue violin shape
is for controls. The box elements within both violins indicate that the median
PRS for cases are higher than controls, and there is a significant difference
between the density plots of cases and controls. The reason for the volatility
in the cases violin plot is due to the relatively low heart attack incidence, only
accounting for 0.126% of the total population. The median value for controls
is centred around 0, because controls account for the majority of simulated
data. The overlap between cases and controls indicates that PRS does not have
100% ability to distinguish cases and controls.

Figure 4 (b) shows the prevalence of heart attacks in the 100 groups binned
according to the percentile of PRS, with the x-axis representing the 100 poly-
genic score percentile groups, arranged from the lowest PRS value to the
highest PRS value. The variance of PRS is equal to 0.3. There are few heart
attack events for the first 75 PRS percentile groups, so prevalences for those
groups are close to zero. Thereafter, the prevalence increases with increasing
PRS values as expected, so we see more heart attack events in the high PRS
risk groups than in the low PRS risk groups. We also expect to see some heart
attack events occurring in the relatively low PRS risk groups, as PRS does
not explain all disease risk. These two graphs show results that are consistent
with our expectations. The shape of Figure 4 is similar to that of Figure 2
from [60], which shows the risk of CAD according to PRS calculated on UK
Biobank participants.

3.1.3 Grouped heart attack incidence

We compare the age and sex specified incidence calculated from our simulated
datasets with the grouped incidence in Table 2. Following the same simulation
setting with a sample size of 500,000 and a PRS variance of 0.3, 100 simu-
lation replicates are produced. The grouped heart attack incidence rates are
calculated from all simulated datasets and then used to calculate the mean
rates and the corresponding confidence intervals for the incidence rate of that
group. Figure 5 shows the mean and 95% confidence interval of incidence rates
for both females and males of all 7 age groups ranked from youngest to oldest.
The top and bottom of each error bar represents the 0.975 quantile and 0.025
quantile of that group’s incidence rates. The solid square points on each error
bar indicate the position of that group’s real incidence in Table 2. Those real
incidences were calculated using numbers of first-ever cases of heart attacks
between September 1991 and August 1992, taken from the Morbidity Statistics
from General Practice Survey [58].
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(a) (b)

Fig. 4: (a) PRS score violin plot for cases/controls and (b) PRS prevalence
of heart attack for 100 groups overall binned according to percentile of PRS.
Plots were generated from one single simulation dataset, with h2

PRS equal to
0.3

The incidence rates calculated from our simulated datasets show a similar
trend to the empirical incidence rates, i.e., the incidence rates are always higher
in males than in females and the incidence rates increase with age. Figure 5
shows that the solid square points always lie within the confidence intervals,
most of which are close to the corresponding mean locations. Males within the
age group [60, 64] is an outlier because the actual incidence in this group lies
at the far end of the error bar. One possible explanation is that the observed
incidence for this group might not represent the truth in the longer term.
The risk of contracting the disease should increase with age, but the actual
incidence in this age group from table 2 is very close to the value of the nearest
younger group, i.e., those aged between [55, 59] on their last birthday. In
general, our simulated incidence rates are very close to the morbidity statistics
values.

3.1.4 Risk stratification ability by family history and PRS

The disease statuses for parents and offspring are explained in Section 2.3.
Figure 6 shows the age-grouped incidence for groups with and without family
history and for three PRS risk groups separately. As expected, family history
groups have higher incidences than groups without family history for both
males and females at all 7 age groups. Bottom two plots show the incidence
for three different PRS risk groups separated by their PRS values. The high-
est PRS risk groups have significantly larger incidences for both males and
females at all age groups. Both medium and low PRS risk groups have zero
incidence due to the rare heart attack events in the simulated data sets. Com-
paring female plots only, incidence rates for the ‘with family history’ group
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Fig. 5: Grouped heart attack incidence calculated from 100 simulation repli-
cates, with each simulation having sample size of 500, 000 and heritability h2

HA

of 0.30. The top and bottom of the error bars represent the 0.975 quantile and
0.025 quantile of corresponding group’s incidence rates. Those solid square
points on each error bar indicate the position of the original incidence from
Table 2

are between the incidences for the PRS 40− 60% and 80− 100% groups. This
suggests that PRS and family history provide overlapping information. We
can draw simple conclusions from this, such as if an insurance applicant has a
family history of heart attack, he/she has a higher probability of belonging to
a high PRS risk groups than a without family history applicant. This finding
also holds for males.

Figure 7 shows the grouped incidence for family history and PRS jointly.
To create this plot, we first split the simulated dataset into two groups: with
family history and without family history. Then within each group, we calcu-
late the age and sex grouped incidence for three different PRS risk subgroups.
Therefore, there are in total 6 risk groups for both males and females. Again,
points used to create Figure 7 are also the mean incidence and the correspond-
ing 0.975 quantile and 0.025 quantile values from 100 simulation replicates.
Figure 7 (a) presents the results when h2

PRS = 0.3. For both males and females,
only the high PRS risk groups with and without family history have posi-
tive incidence rates; all other subgroups have zero incidence rates at most age
groups. The high PRS risk subgroup with family history always has higher
incidence than the subgroup without family history. The low proportion of
heart attack events is the reason for the zero incidences in the simulations.
Figure 7 (b) shows the results when h2

PRS = 0.1. In the real-world cases, as the
PRS variance decreases, more heart attack events occur in the middle and low
PRS risk groups, although women and men in the high PRS risk group still
have the highest incidence. It’s worth noting that the middle PRS risk group
(PRS quantile 40-60%) with family history has similar incidence to the high
PRS risk group (PRS quantile 80-100%) without family history, even though
incidence values are slightly different between females and males.
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(a) Incidence rates for groups with and without family history

(b) Incidence rates for PRS risk groups

Fig. 6: Heart attack incidence for (a) groups with and without family history
and for (b) groups with various PRS risks. Points used to create those plots are
the mean incidences and the corresponding 0.975 quantile and 0.025 quantile
values from 100 simulation replicates, with each run having sample size 500,000
and the phenotypic variance explained by PRS (h2

PRS) equal to 0.30. Note the
larger error bars in (a), which means that using family history as a risk factor
introduces more uncertainty than using PRS

Results shown in Figure 7 are consistent with the study of [61], which
states that family history and PRS are independent measures but can pro-
vide complementary information on susceptibility to most inherited diseases,
including coronary artery disease. Mars et al. [61] pointed out that a positive
family history with high PRS is associated with a fairly high risk, while low
PRS completely compensates for the risk implied by a positive family history.

3.2 Visualization of PRS accuracy

Figure 8 visualizes the effect of different sizes of phenotypic variants explained
by PRS on the proportion of heart attack events in men and women. The y-axis
gives the percentages of the number of heart attack events in each PRS strata
versus the total number heart attack events from the overall dataset. Therefore,
for every single line on those plots, the sum of all five PRS groups’ percentages
are all equal to 100%. Percentages used to create those plots are all mean
percentages calculated from 100 simulation replicates under the same settings.
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(a) h2

PRS = 0.3

(b) h2

PRS = 0.1

Fig. 7: Heart attack incidence rates for PRS risk subgroups with and without
family history. FH is short for family history. Points used to create those
plots are the mean incidence and the corresponding 0.975 quantile and 0.025
quantile values from 100 simulation replicates, with each run having sample
size of 500,000 and the corresponding heritability

When the value of PRS-based heritability is low, PRS only plays a small part
of the determination of disease onset and its ability to distinguish cases and
controls is low. This means the smaller the value of h2

PRS , the less difference
there is between the heart attack percentages for those low polygenic risk
scores groups. This explains why the PRS set with the lowest value of variance
h2
PRS = 0.01 has the highest percentages of heart attack events for the first

four low PRS risk groups, but the dark blue line has the lowest percentages.
Similarly, with the increasing PRS variance, more and more heart attack events
happen at the 80-100 percentile PRS risk group. Even though the ability of
PRS to distinguish cases and controls is not that substantial under low values
of h2

PRS , percentages of heart attack events still increase with increasing PRS
values for both females and males. Therefore a low accuracy set of PRS is still
useful risk prediction.

The cumulative incidences of heart attack in different PRS risk groups are
used to visualize the impact of PRS accuracy. Figure 9 shows the cumulative
incidence with age for three PRS risk groups. Points used to create this figure
comes from only one simulation under each value of h2

PRS . The x-axis repre-
sents age, from 0 to 69 at the last birthday. Cumulative incidence increases
with age and PRS values. With increasing h2

PRS , the difference among three
PRS risk groups becomes more obvious. When comparing simulated cumula-
tive incidence with the results generated from real genotype data, the trend
shown on those plots are similar to the results from Figure 2 of [30]. Their plots
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(a) (b)

Fig. 8: Proportions of the number of heart attack events in each PRS strata
over the total number heart attack events from the overall dataset for (a)
females and (b) males. Percentages are mean percentages calculated from 100
simulation replicates, with the simulation size of 500,000 and heritability shown
for each plot

(a) h2

PRS = 0.01 (b) h2

PRS = 0.1 (c) h2

PRS = 0.3

Fig. 9: Cumulative incidence rates of heart attack with age for three selected
PRS risk groups, low (0-20%), medium (40-60%), and high (80-100%). Points
used to create each plot come from one simulation data set under the corre-
sponding value of PRS variance (h2

PRS)

were created using PRS on coronary artery disease (CAD) calculated for UK
Biobank participants. The UK Biobank is a large cohort study data source,
including 500, 000 British participants‘ genotyping data, and hundreds of vari-
ables for phenotyping information, like basic characteristics, lifestyle, medical
history, and nutritional habits. Cumulative incidence numbers between their
plots and Figure 9 are quite different, as the real data set they employed has
a much higher case/control ratio than our simulated data set.
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3.3 Adverse selection from various purchasing scenarios

We detailed three possible adverse selection scenarios in Section 2.4.1. Follow-
ing the assumption from [30], we also assume that HRs are used to influence
simulated individuals’ probability of purchasing insurance. HRs calculated
from our simulated data set are compared with the results from [30]. Follow-
ing their approach, the median PRS risk group (individuals with PRS within
the 40–60% percentile range), is used as the behaviour reference group in the
Cox regression analysis with age as the time-dependent variable.

Table 5: Hazard ratios for the highest polygenic risk (PRS percentile 90-
100%), with the PRS percentile 40-60% group as the reference. Values are
summarized from 100 simulation replicates under each given value of h2

PRS .
The case/control ratio is 0.12% for all h2

PRS . Confidence intervals are 0.025
and 0.975 quantiles values

h
2

PRS
HR mean (CI)

0.01 1.68 (1.31, 2.11)
0.10 5.58 (4.34, 6.96)
0.30 32.7 (22.3, 48.6)

Table 5 lists the HRs for the highest PRS risk group (the 90-100% quan-
tile group) under different values of h2

PRS . The second column is the average
case/control ratios from 100 simulation replicates. In this study, case/control
ratios are controlled by the heart attack incidence in the 4-state Markov model
after a one-year simulation. Therefore those ratios are fixed at around 0.0012
and not related to h2

PRS . The third column of this table gives mean values of
HRs calculated from 100 simulation replicates and confidence intervals corre-
sponding to 0.025 and 0.975 quantiles. HRs for the highest PRS risk group
calculated from our simulated datasets are all greater than 1, and increase
sharply with increasing of h2

PRS . [30] obtain the HR of CAD on UK Biobank
participants for the same PRS percentile 90-100% group as 1.87, which is close
to the value we find when h2

PRS is set to 0.01. In their analysis, the case/con-
trol ratio is 1.7%, much higher than the case/control ratio in our simulation
(0.12%). Because the UK Biobank participants were recruited between 2006
and 2010 and have been followed since then, the cases in their study are multi-
year events. Sample size and case/control ratio both play important roles in
the determination of HR size, but the study of their roles is beyond the scope
of this study. Our results show that when the variance explained by PRS is
high, the value of HR in the high PRS risk group will be large.

3.3.1 The increased proportion in incidence of the insured

group

Under the adverse selection scenarios described, because insurance policy hold-
ers can take advantage of knowing their PRS-related results when choosing
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whether to purchase insurance, it is reasonable to expect that the insured
group (as defined in Section 2.4.2) has a higher proportion of heart attack
events than the overall population.

Table 6: The increased heart attack incidence compares the insured group
(See definition in Section 2.4.2) with the overall group across three scenarios of
interest under different simulation settings. “Ins” refers to the baseline insur-
ance purchasing percentage. Under each given value of h2

PRS , the simulation
is repeated for times to generate 100 simulated data sets and then used to
calculate the overall mean of increased incidence, along with 95% confidence
intervals. The numbers in bold emphasize the groups where the confidence
intervals do not include 0, which means that in this case there is statistically
strong evidence of an increase in incidence and adverse selection

Increase in incidence in the insured group

h
2

PRS
Scenarios

Both Females only Males only

% % %

0.01
S1: 100% PRS + 10% Ins 8 (-18.6, 33) 8 (-44,48) 8 (-21,36)

S2: 100% PRS + 1% Ins 18 (-59,107) 14 (-100, 161) 18 (-78, 135)

S3: 10% PRS + 1% Ins 2 (-83,82) 5 (-100,152) 1 (-90,103)

0.10
S1: 100% PRS + 10% Ins 82 (59, 107) 86 (42,128) 80 (54, 107)

S2: 100% PRS + 1% Ins 89 (-1, 194) 98 (-28, 273) 84 (-7, 194)

S3: 10% PRS + 1% Ins 12 (-68,94) 19 (-100,175) 10 (-68,109)

0.3
S1: 100% PRS + 10% Ins 197 (173,222) 205 (177, 236) 194 (166, 217)

S2: 100% PRS + 1% Ins 244 (170, 308) 253( 130, 392) 240(139, 323)

S3: 10% PRS + 1% Ins 82 (0,160) 92 (-42,253) 80 (-20, 185)

Table 6 gives the increased proportion in heart attack incidence in the
insured group versus the overall simulated population for three scenarios under
different values of h2

PRS . Mean increases in incidence are most obvious for
scenario 2 (100% of simulated individuals know their PRS results and 1%
of individuals intend to purchase insurance as a baseline measure) and less
obvious for scenario 3 (10% of simulated individuals know their PRS results
and 1% of individuals intend to purchase insurance as a baseline measure).
Table 6 highlights the groups with confidence intervals that do not include
0, which implies that in this case there is an increase in incidence and there
exists adverse selection. Those groups account for almost all three scenarios
when h2

PRS is equal to 0.3 and account for scenario 1 when h2
PRS is equal

to 0.1. Based on our results, we can say that when the accuracy of PRS is
relatively low, the impact of PRS on insurers is negligible. However, as the
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PRS risk prediction ability increases, its impact increases sharply. In all three
cases, there is an increase in the incidence of heart disease, and the severity
for insurers is impacted by the proportion purchasing insurance and strongly
influenced by the proportion of individuals who know their PRS results.

3.4 Premium comparison

The increased incidence in the insured group indicates that insurers will have
to pay out for more heart attack events at the end of the simulated year.
To balance the increased cost, insurers can increase premiums. We calculate
premiums for the overall simulated population and for the insured group (the
steps to identify the insured group are in Section 2.4.2) and then compare
them. In this study, we calculate premiums for a one-year single illness stand
alone policy, which pays a lump sum of £10, 000 at the end of the policy year
if the policyholder has a heart attack during the policy year. For simplicity,
heart attack incidence rates from groups of interest are used to approximate
the transition intensity between the healthy state and the heart attack state
from Figure 2 and then used to calculate premiums following Equation 11.
The incidence for any group of interest can be calculated from the simulated
data, which is an advantage of this simulation-based study.

We first calculate premiums for each age and sex group in Table 2 without
using family history as a rating factor and then calculate premiums for each
age and sex group with and without family history separately.

3.4.1 Premiums for each age and sex group

Premiums for the overall simulated data set are shown in Table 7, which gives
the premiums and corresponding confidence intervals for both females and
males in six age groups. Numbers in this table are mean premiums and 0.025
and 0.975 quantile values from 100 simulation replicates, each with sample size
500, 000 and heritability 0.1. Age and sex-based group incidence is not affected
by the size of h2

PRS , so premiums calculated using alternative values of h2
PRS

are very similar to each other. Heart attack incidences for females and males
used to calculate premiums in Table 7 are in Table 8 for reference. The youngest
age group is removed because the female group has heart attack incidence of
zero in simulations. Males have higher incidence, so their premiums are higher
than females at all ages.

We defined three adverse selection scenarios where insurance applicants
took advantage of knowing their PRS results when purchasing insurance. Inci-
dence rates in the insured group are higher than the overall simulated data
(Table 6). Premiums calculated for the insured group are shown in Table 9,
which contains premiums calculated for all three scenarios under each value of
h2
PRS . The mean values in bold emphasize the groups where the mean premium

for the insured group is within the premium confidence interval calculated for
the overall simulated data set in Table 7. For those groups, this may suggest
that there is a reduced need to increase premiums to offset the risk of adverse
selection.
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Table 7: The premiums for a one year single-illness stand alone policy. Premi-
ums are mean values from 100 simulation replicates with sample size 500,000.
Confidence intervals are 0.025 and 0.975 quantile values

Age Female premium Male premium
(30,44) 1 (0,2) 6 (4,8)
(45,49) 5 (2,9) 25 (18,31)
(50,54) 11 (6,16) 39 (31,48)
(55,59) 19 (13,26) 54 (45,65)
(60,64) 28 (21,38) 70 (55,82)
(65,69) 41 (33,50) 83 (68,102)

Table 8: The mean values of heart attack (HA) incidences for females (F)
and males (M) at each age group, as well as the corresponding 0.025 and 0.975
quantile values, from 100 simulation replicates with sample size 500,000 and
h2
PRS 0.1

Age F HA incidence M HA incidence
(30,44) 0.0001 (0,0.0002) 0.0006 (0.0004,0.0008)
(45,49) 0.0005 (0.0002,0.0009) 0.0026 (0.0018,0.0032)
(50,54) 0.0011 (0.0006,0.0017) 0.0041 (0.0032,0.005)
(55,59) 0.002 (0.0013,0.0027) 0.0057 (0.0047,0.0067)
(60,64) 0.003 (0.0022,0.004) 0.0073 (0.0057,0.0085)
(65,69) 0.0043 (0.0034,0.0052) 0.0087 (0.0071,0.0107)

This outcome occurs for almost all groups when h2
PRS is equal to 0.01

and the majority groups from Scenario 3 when h2
PRS is not equal to 0.3.

Within this table, comparing Scenarios 1 and 2, their values are similar, but
Scenario 2 has slightly higher values. Two possible reasons can explain this.
Firstly, given that Scenario 1 has 10% baseline purchasing insurance while
Scenario 2 only has 1%, we can say the severity of adverse selection due to
PRS can be offset to some extent by a larger insurance pool. Secondly, when
the HR-based proportion purchasing insurance is calculated as being greater
than 100%, we use 100% (Section 2.4.2). However, this may disguise the true
severity of adverse selection in Scenario 1 because when HR is greater than
10, an insurance applicant is assumed to buy only one insurance policy with
probability 100%. We do not consider the scenarios where insurance applicants
buy multiple policies.

The proportion of increased premiums were plotted in Figure 10. Here, the
-100% change refers to the situation where there are no heart attack events
simulated in the insured group. The premium increase proportions are smaller
in males than in females when h2

PRS is equal to 0.1 or 0.3. This can be explained
by the higher base line premiums for males than females, which is caused by
the higher heart attack incidence rates in males than females. Based on this
figure, we can say that premiums for female insurance applicants should be
increased more than those for male insurance applicants to offset the adverse
selection brought about by knowledge of PRS.



Springer Nature 2021 LATEX template

A Simulation Study to Quantify the Impact of PRS on Critical Illness Insurance 35

Table 9: Premiums corresponding to a heart-attack critical illness policy cal-
culated for three adverse selection scenarios under each value of h2

PRS . The
mean values in bold emphasize the groups where the mean premium for the
insured group is within the premium confidence interval calculated for the
overall simulated data set in Table 7

Age h2
Female premium Male premium

S1 S2 S3 S1 S2 S3

(30,44)
0.01 1(0,4) 1 (0,16) 2 (0,15) 7 (2,15) 7 (0,31) 7 (0,33)

0.1 2 (0,5) 3 (0,17) 2 (0,15) 12 (6,19) 13 (0,43) 7 (0,33)

0.3 3 (1,6) 4 (0,11) 3 (0,12) 20 (12,26) 25 (6,46) 11 (0,41)

(45,49)
0.01 6 (0,17) 8 (0,48) 4 (0,46) 27 (10,47) 26 (0,93) 25 (0,105)

0.1 11 (3,22) 15 (0,69) 5 (0,45) 47 (29,69) 46 (0,115) 29 (0,100)

0.3 17 (7,29) 21 (0,59) 9 (0,51) 75 (52,98) 85 (28,146) 47 (0,120)

(50,54)
0.01 13 (0,36) 13 (0,83) 10 (0,62) 43 (19,75) 52 (0,183) 37 (0,156)

0.1 20 (7,36) 24 (0,99) 9 (0,60) 72 (44,104) 73 (0,174) 39 (0,152)

0.3 34 (18,54) 38 (0,83) 21 (0,89) 118 (91,147) 135 (64,216) 63 (0,165)

(55,59)
0.01 20 (0,45) 20 (0,128) 22 (0,135) 57 (25,98) 49 (0,184) 48 (0,191)

0.1 35 (12,63) 34 (0,114) 24 (0,130) 95 (56,132) 92 (0,210) 50 (0,186)

0.3 58 (40,80) 66 (15,139) 35 (0,131) 155 (122,188) 185 (105,282) 94 (0,221)

(60,64)
0.01 31 (7,64) 36 (0,153) 26 (0,134) 74 (31,120) 80 (0,292) 72 (0,208)

0.1 53 (29,90) 57 (0,183) 31 (0,131) 123 (74,181) 122 (0,308) 78 (0,202)

0.3 86 (57,122) 101 (29,192) 58 (0,182) 203 (167,251) 218 (124,333) 131 (0,262)

(65,69)
0.01 44 (14,76) 49 (0,149) 45 (0,186) 94 (45,167) 104 (0,305) 88 (0,254)

0.1 76 (44,107) 77 (0,189) 52 (0,178) 146 (104,198) 144 (0,299) 98 (0,314)

0.3 124 (95,153) 148 (61,234) 73 (0,184) 232 (185,274) 259 (146,378) 145 (0,323)

3.4.2 Premiums for each age and sex group with and without

family history

Table 10 contains premiums calculated using incidence rates of the overall
simulated data for each age and sex group with and without family history
respectively. We then calculated premiums for the insured groups for three
adverse selection scenarios under each value of h2

PRS . Figure 11 shows the
proportion of premium increases compared with premiums in Table 10. Like
Figure 10, the -100% change refers to the situation where there are no heart
attack events simulated in the insured group. Also, the adverse selection caused
by knowing PRS results is negligible when the accuracy of PRS is very low
(h2

PRS = 0.01). Additionally, premiums for female insurance applicants should
be increased more than those for male insurance applicants to offset the adverse
selection brought about by policyholders knowing PRS.

Regarding family history, Figure 11 tells us that premiums should be
increased further for groups without family history than groups with family
history, to offset the impact of PRS. This is because the number of heart attack
events is higher in the group with family history than in the group without
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(a) Females

(b) Males

Fig. 10: The increased proportion of premiums calculated from the insured
group than the overall simulated data. Points used to create those plots are
the mean incidence and the corresponding 0.975 quantile and 0.025 quantile
values from 100 simulation replicates

Table 10: Premiums of females and males with and without family history
using incidence rates from the overall simulated data set

Age
Female premium Male premium

Without FH With FH Without FH With FH
(30,44) 1 (0,1) 4 (0,8) 4 (2,5) 21 (12,31)
(45,49) 2 (1,5) 13 (5,21) 12 (7,18) 57 (41,76)
(50,54) 4 (1,8) 23 (11,38) 18 (12,25) 79 (58,103)
(55,59) 7 (2,13) 35 (24,50) 23 (14,35) 98 (79,117)
(60,64) 10 (3,17) 48 (34,64) 27 (16,41) 115 (89,141)
(65,69) 12 (6,21) 65 (50,82) 30 (15,44) 127 (105,152)

family history, so the premium is already higher in the group with family his-
tory than in the group without a family history. Family history contains some
degree of genetic information, so pricing insurance products that use family
history as an indicator of risk already offsets genetic risk to some extent.

4 Conclusion

With the ongoing development of genetic research our understanding of the
genetic architectures of diseases will be enhanced, as well as the ability to
predict disease risk. The accompanying progress of direct-to-customer testing
will make it easier for the general public to understand or even to predict
their own risk of diseases. PRS is one such genetic test result that can add



Springer Nature 2021 LATEX template

A Simulation Study to Quantify the Impact of PRS on Critical Illness Insurance 37

(a) Females

(b) Males

Fig. 11: The increased proportion of premiums comparing between the insured
group and the overall simulated data, with family history as a policy factor.
Points used to create those plots are the mean incidence and the corresponding
0.975 quantile and 0.025 quantile values from 100 simulation replicates

to people’s information on their disease risk. PRS has the ability to identify
high-risk groups when used independently or jointly with other risk factors
and the potential to inform early interventions, which may change future mor-
bidity and mortality. Although PRS is not very accurate in predicting risk at
the individual level at present, the impact of PRS on the foundations of the
insurance industry will become increasingly evident as the technology evolves.

Employing simulated data, this study introduces individual-level PRS into
the actuarial analysis framework using heart attack as a case study. Parent
and offspring disease liabilities are simulated following a multivariate normal
distribution, with the real-world values of heritability and the relationship of
parents and their offspring determining the elements in the multivariate covari-
ance matrix. Disease states for both parents and offspring are determined using
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the liability threshold model, which links disease prevalence and a continu-
ous disease liability. The age and sex specific disease prevalence is calculated
from the transition intensities under a 4-state heart attack Markov model. We
validated our simulated datasets and confirmed that our simulation mimicked
the real world scenarios well. Therefore, this simulation-based model provides
a framework for insurers to measure the impact of PRS on life and health
insurance in various scenarios.

Using the simulated data, insurers can explore any scenario of interest and
quantify the corresponding impact on their business. We explored three possi-
ble adverse selection scenarios, where insurance policy holders took advantage
of knowing their PRS results (HR values in this study) when purchasing insur-
ance. Then we measured the increased incidence in the insured group versus
the overall simulated population for each scenario of interest. As a response,
insurers could increase premiums to balance the increased heart attack events
among the insured population. We calculated the extent of increased premiums
after adverse selection happens. The accuracy of PRS has the most signifi-
cant impact on insurers and the proportion of individuals knowing their PRS
also impacts the extent of the increased premiums. Comparing the increase in
premiums between with and without family history groups, we found that pre-
miums should be increased further for groups without family history to offset
the impact of PRS.

There are limitations of this study. The first limitation is that our current
model only works on homogeneous populations and only applies to one disease.
Narrowing the participants in statistical genetics studies to samples with a
single ancestry aids the accuracy in the research findings [46]. European ances-
try samples are the most common participants in medical genetics research,
including the calculation of PRS, while European ancestry-derived polygenic
scores have lower predictive performance in samples of non-European ancestry
[62]. However, insurance policyholders come from diverse populations. [62] has
called for carrying out large-scale genetic association studies in diverse human
populations. Similarly, insurance policies usually cover multiple diseases rather
than a single disease. A model including PRS from multiple diseases should
be designed when it comes to measuring the impact of PRS on a specific type
of insurance product.

Second, this study examined the impact of PRS from only one type of
risk indicator - hazard ratios - but there are other types of risk indicators
available to DTC test clients. Clients from the same insurance market may
receive different indicators to inform them of their disease risk, including odds
ratios, relative risks, etc. With more and more customers possessing details
on their genetic profiles, follow-up studies like [63] are needed. From a follow-
up study tracking individuals participating in a clinical trial of genetic testing
for Alzheimer’s disease (AD), [63] found evidence that genetic testing results
can alter people’s insurance purchasing decisions. Participants who tested pos-
itive were 5.76 times more likely to change their long-term care insurance
than individuals who did not receive the AD related risk gene disclosure.



Springer Nature 2021 LATEX template

A Simulation Study to Quantify the Impact of PRS on Critical Illness Insurance 39

Understanding how people react to their PRS results can help insurers more
accurately measure the impact of PRS.

Finally, we assume that the disease liability of parents and offspring remains
the same through their lifetime. Disease liability combines the genetic and
non-genetic components, including the interaction between them. Even if we
assume that the human genetic profile is fixed throughout life, disease lia-
bility is susceptible to change due to factors such as the environment and
lifestyle. Additionally, [64] found evidence for age-varying relative risk profiles
in common diseases, which means genetic risk factors have stronger influence
on younger populations compared to older ones. In this study, one year is cho-
sen as the simulation period because it is a reliable assumption that disease
liability stays approximately constant within one year. If we want to expand
the simulation period to multiple years, the change in disease liability with
time should be considered as well as evolution in family history.
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