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Abstract

With the accumulation of scientific knowledge of the genetic causes of common diseases and the
continuous advancement of gene-editing technologies, gene therapies to prevent polygenic diseases may
soon become possible. This research assesses the population genetic consequences of such therapies.

This research commenced by quantifying the risk of polygenic late-onset diseases. Computer sim-
ulations of population age progression under the assumption that relative disease liability remains
proportionate to individual polygenic risk have demonstrated that individuals with higher polygenic
risk scores will become ill and be diagnosed proportionately earlier, bringing about a change in the
distribution of risk alleles between new cases and the as-yet-unaffected population in every subse-
quent year of age. Consequently, genome-wide association studies of any polygenic late-onset diseases
that display both high cumulative incidence at an older age and high initial familial heritability will
show diminishing discovery power when they use progressively older age-matched cohorts. Such stud-
ies may benefit from using the youngest possible case cohorts, preferably matched with the oldest
possible controls.

Using these results as a foundation, computer simulations of preventive gene therapies were per-
formed, emulating editing true causal alleles into naturally occurring neutral states of the nucleotides.
The simulations demonstrated that such therapies would lower the prevalence of polygenic early- to
middle-age-onset diseases in proportion to the decreased population relative risk attributable to the
edited alleles. The outcome manifests differently for polygenic late-onset diseases, for which the thera-
pies would result in delayed disease onset and decreased lifetime risk, however, the lifetime risk would
increase again with increasing life expectancy of the population, which is a likely consequence of such
therapies.

The simulations demonstrated that even if significant heterogeneity in the alleles responsible for
polygenic diseases existed between populations, the outcomes of preventive gene therapies would not be
impeded. If gene therapies that prevent heritable diseases were applied on a large scale, the decreasing
frequency of risk alleles in populations would reduce the disease risk or delay the age of onset, even
if only a fraction of the population received such therapies. With ongoing population admixture, all
groups would benefit over generations.
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1. Introduction

With the accumulation of scientific knowledge about the genetic causes of common diseases and the
continuous advancement of gene-editing technologies, gene therapies to prevent polygenic diseases may
soon become possible. This research assessed the population genetic consequences of such therapies.

When this research started, there was no expectation, at least in my mind, that the acquired knowl-
edge would lead to publishable findings. The project started with a review of the existing knowledge
of polygenic disease genetics and epidemiology, which led to the creation of computer simulations
to allow modeling the processes of interest, followed by further literature investigations. A few such
knowledge acquisition and experimentation cycles resulted in findings that were shared in published
articles. It was gratifying that the answers to the questions I had at the outset and many more ques-
tions that arose as the projects progressed evolved into coherent hypothetical predictions that may
be validated by future medical and genetics advances.

This thesis is based on four published papers [1–4]. Each of these papers includes an introduction
in which the most relevant concepts and literature review for its research topic are addressed, followed
by methods, results and discussion. To reduce redundancy, they are presented in a slightly modified
and abbreviated form in the next four chapters.

My goal was to structure this thesis so that reading this introduction and the discussion chapters
could be sufficient to inform the readers of the background, findings and conclusions. The introduction
of the necessary concepts, an overview of the simulation implementations based on these concepts,
and the outline of the thesis follow.

1.1 Introductory Concepts

1.1.1 Genetic Architecture of Polygenic Diseases

Research into the causality and liability of diseases, primarily based on familial and populational ob-
servations, greatly predates the discovery of DNA structure and the genetic code in 1953 by Watson
and Crick [5]. Initially, it was only possible to estimate the frequency of highly malignant mutations in
human populations [6]. It took several decades for experimental techniques to develop sufficiently to
sequence the human genome [7]. Whole-genome sequencing (WGS) and genome-wide association stud-
ies (GWASs) have provided experimental insights into the genetic architecture of polygenic diseases
that could be only hypothesized a decade or two earlier [8].

GWASs associate specific genetic variants called single nucleotide polymorphisms (SNPs) with
particular diseases and phenotypic differences between individuals. SNPs are defined as nucleotide
substitution variants at a single position in a DNA sequence that are common in the population
(occurring at allele frequency >1%). GWASs’ ultimate goal could be considered associating precisely
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discovered “true” causal SNPs for the conditions of interest. This precision of discovery rarely happens,
and most often, the so-called “tag” SNPs are chosen in an approximate location of the associated effect
[9] (see illustration in Figure 5.1). Such tag SNPs are expected to meet the genome-wide significance
threshold, typically a p-value lower than 5· 10−8. This significance threshold emerged as a consensus p-
value for differentiating true positives from false positives of GWAS discovery under an assumption of
roughly one million “effectively independent” common SNPs throughout the genome [10] and is often
used as a default significance threshold, although under specific circumstances, the values may need
to be more or less strict [11]. Much more relaxed p-values are accepted to incorporate a large number
of lower quality SNPs into a polygenic risk score (PRS). The definition of a PRS—a score reflecting
the sum of all known risk alleles carried by an individual and weighted by how risky each variant was
known to be—was originally offered by Purcell et al. [12], and while PRSs were used for over a decade,
it was not until 2018 that these scores were shown by [13] to have potential for broad-scale clinical
use [14]. Such an aggregate PRS, associated with even less certainty about the identity or validity of
the individual SNPs, yields better diagnostic or phenotypic predictive power than a PRS comprised
of a smaller number of genome-wide-accurate SNPs, especially for homogeneous populations. Even
in this composition, GWAS PRS can typically explain only a fraction of the genetic heritability of a
polygenic disease [8].

Two complementary hypotheses explain this so-called missing heritability [15–18]. The first states
that diseases are caused by a combination of a large number of relatively common alleles of small effect
[19]. GWASs have been able to discover only some of the moderate-effect SNPs, but a large number of
SNPs remains below GWASs’ statistical discovery power. The second hypothesis states that diseases
are caused by a relatively small number of rare, moderate- or high-effect alleles with a frequency below
1% that likely segregate in various proportions into subpopulations or families [20, 21] and are also
below the radar of GWASs’ discovery power.

Both scenarios can contribute to observational facts, but their relative weights vary depending
on the genetic architecture of a disease [22]. Rare highly detrimental alleles become indistinguishable
in their presentation from the OMIM [23] cataloged conditions and would likely be diagnosed as
a separate disease or syndrome; the Online Mendelian Inheritance in Man (OMIM) is an online
repository that contains information on all known Mendelian disorders.

Over the past ten years, GWAS results have been reported for hundreds of complex traits across a
wide range of phenotypes. These studies have led to a well-established consensus that a large number of
common low-effect variants can explain the heritability of the majority of complex traits and diseases
[8, 24, 25].

The simulations in the first three chapters of this thesis were based on Cox’s proportional hazards
model [26], in which the probability of developing a disease at a particular age, given that a subject
has been disease-free until that age, is given by the multiplicative effect of a set of risk factors over
the baseline hazard of the disease [27]. All simulations were based on the multiplicative risk genetic
architecture assumptions and used a similar allele architecture based on [28] and detailed in the
section 2.2.2. According to Chatterjee et al. [27], “to date, post-GWAS epidemiological studies of
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gene-environment interactions have generally reported multiplicative joint associations between low-
penetrant SNPs and environmental risk factors, with only a few exceptions,” and “investigations of
SNP-by-SNP and SNP-by-environment interactions using data from large GWAS generally suggest
that the assumption of multiplicative effects is often adequate and an additive model under the identity
link can be soundly rejected”.

1.1.2 Brief Summary of Gene-Editing Techniques and Knowledge

For gene-editing therapies to have population genetic consequences, such therapies would have to
cause heritable changes that are passed from generation to generation. Much scientific knowledge and
technical expertise is required and many ethical questions will need to be settled before the level of
preventive gene therapy required for germline prophylaxis of polygenic diseases can become possible.

From an ethical perspective, as techniques are being developed and the medical possibilities offered
by gene therapy for improving health and preventing diseases are gradually materializing, acceptance
is becoming more common. This is exemplified by the report of the U.S. Committee of the National
Academies of Sciences, Engineering, and Medicine [29] in Human genome editing—Science, ethics,
and governance and the UK’s recommendations Nuffield Council on Bioethics [30] in Genome editing
and human reproduction: Social and ethical issues, which considered germline editing one possible
application. Public awareness of the potential health benefits of such therapies is gradually growing
[31, 32].

Computational techniques attempting to evaluate the effects of mutations or gene variants have
been developed, although their accuracy needs to improve dramatically before they can become ap-
plicable to personalized genetic evaluation or treatment [33]. Similarly, while extensive libraries of
human SNPs have been compiled, including dbSNP, HapMap, SNPedia, and aggregating sites [34],
the information is far from actionable as far as modifying multiple SNPs on a personalized basis
is concerned. Deeper scientific knowledge and more advanced techniques are being developed, par-
ticularly for personalized determination (with either computational methods or thoroughly verified
genomic databases) of the deleterious effects of common [35–37] and rare allele variations and exome
mutations [38–44]. The ability to locate or to computationally estimate a complete set of low-effect
causal SNPs requires knowledge that may take decades to gain.

Gene-editing technologies may also be a few decades away from when they can be used routinely,
with the same low risk as administering an influenza vaccination, to modify a large number of gene
variants distributed across the human genome. The most promising is clustered regularly interspaced
short palindromic repeats (CRISPR)-Cas9 [45], a rapidly developing technology that replaced older
technologies such as zinc-finger nuclease (ZFN) [46] and transcription activator-like effector nuclease
(TALEN) [47], although, for some applications, these older techniques continue to be more appropriate.

CRISPR is a rapidly developing technology that holds great promise, and thus, it merits a synopsis
here. The phenomenon of interrupted clustered repeats in the Escherichia coli genome was first dis-
covered in 1987 at Osaka University [48], followed by the discoveries of similar repeats in many other
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species of bacteria [49, 50]. It took until 2005 for the experimental findings to lead to the consensus
that CRISPR-Cas9 plays a role of a bacterial immune system, in which CRISPR in conjunction with
a number of associated nucleases serve to first catalog and later identify and cut re-invading virus
DNA [51]. Two groundbreaking studies by the Doudna group in 2012 [52] and Zhang group in 2013
[53] were the first to demonstrate successful use of CRISPR in association with endonuclease Cas9 for
gene editing. Soon after, to have a system with fewer components that do not rely on intermediate
assembly steps, the CRISPR were synthesized as one so-called “single guide” RNA [54]. Because of
its flexibility, ease of production and applicability to many organisms, in a few years, CRISPR/Cas9
mostly superseded the older technologies as a primary gene-editing tool.

The basic operation of CRISPR-Cas9 systems is as follows: Cas9 initiates its target search by
probing duplexed DNA for an appropriate protospacer-adjacent motif (PAM) before initiating target
unwinding. The target unwinds from the seed region, and the first 10—12 nucleotides match following
the PAM, toward the PAM-distal end. A perfect or a near-perfect match leads to cleavage of both
DNA strands, with mismatches being more tolerated outside the seed region [55].

This mechanism is typically applied to gene deactivation, also called knockout, and CRISPR is
most effective in such operations. Still, not all cells types or DNA locations show successful gene
deactivation (knockout). For example, a very successful in-vitro gene knockout study [56] used Strep-
tococcus pyogenes Cas9 (SpCas9) and Staphylococcus aureus Cas9 (SaCas9). It was found that while
SaCas9 appeared comparable to SpCas9, the resulting gene knockout for two inactivated loci was that
94.1% were edited by SaCas9 as opposed to 47.1% by SpCas9 for the Slx2 locus and 77.7% versus
83.3% for the Zp1 locus, thus showing incomplete success even for the most favored loci. Progress is
also reported in improving the specificity of the CRISPR operation [57]. An issue affecting CRISPR
is the probability of the off-target mutations. Compared to TALEN, which can use relatively long
target templates [47], CRISPR currently uses only a 20 base-pair comparison sequence for targeting
the cleaving. Furthermore, CRISPR’s ability to accept incomplete matches can be much more prone to
off-target mutations. The specificity improved significantly compared to initial CRISPR-Cas9 meth-
ods. For example, Kleinstiver et al. [58] showed that the modified Cas9 nucleases performed with an
85% editing success rate for some of the targets, with undetectable off-target mutations. The need
for identification of both on-target and off-target edits has prompted the development of ever-more
sophisticated detection tools [59], and these tools in turn assist in improving the gene-editing methods.
Some areas of genomes are resistant or inaccessible to CRISPR. For example, Kleinstiver et al. [58]
found that three out of the 37 sgRNAs tested showed essentially no editing activity and examination
of these target sites did not suggest any obvious differences in the characteristics of these sequences
compared to those exhibiting high activities.

These gene knockout operations show some of the principal CRISPR capabilities and limitations.
However, for modification and repair—the operation that is needed for editing multiple SNPs in case
of polygenic diseases—only a small fraction of CRISPR operations succeed when they use homol-
ogous repair with a template or a sister chromatid sequence because double-strand breaks cleaved
by CRISPR single guide RNAs are predominantly repaired by the nonhomologous end joining path-
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way [60]. One possible approach that helps avoid this limitation is rather than cutting and repairing
single nucleotides, to use base editing, an approach to genome editing that enables the direct, irre-
versible conversion of one target DNA base into another in a programmable manner without requiring
double-strand DNA backbone cleavage or a donor template, as demonstrated in 2016 by Komor et al.
[61].

A substantial progress was achieved since Komor et al. [61], and in 2019, Smith et al. [62] reported
“enabling large-scale genome editing by reducing DNA nicking” in which C−→T conversions with on
average 13,200 edits per cell were achieved with efficiency of up to 54.9%. These edits were performed in
Long Interspersed Elements-1 (LINE-1), which are abundant in human DNA, contributing more than
a hundred thousand targets for editing, the modification of which in principle should be innocuous
for the cell. Indeed, the Smith et al. [62] experiment resulted in negligible cell mortality and off-
target edits, both of which would be unavoidable with even a small number of simultaneous cutting
operations, thus demonstrating in principle the ability to edit a large number of nucleotides at once,
the capability that is necessary for polygenic gene therapies.

Strecker et al. [63] discovered a function for CRISPR-Cas9 systems that uses CRISPR-associated
transposons to insert custom genes into DNA, does not require Cas nuclease activity, and thus provides
a strategy for targeted insertion of DNA without engaging homologous recombination pathways. While
this discovery was accomplished in bacteria, the authors believe it may have an exciting potential for
genome editing in eukaryotic cells, enabling the insertion of large genomic sequences.

Riesenberg et al. [64] developed simultaneous precise editing of multiple genes in human cells
with the assistance of a single-strand DNA template template. This method uses a small molecule
to transiently inactivate nonhomologous end joining (NHEJ) repair for the duration of gene editing,
rather than preparing a cell line with knocked-out NHEJ gene that was associated with additional
complications.

Another example of CRISPR advances is described in “Unconstrained genome targeting with near-
PAMless engineered CRISPR-Cas9 variants,” published in 2020, which details how Walton et al. [65]
engineered variants of Streptococcus pyogenes Cas9 (SpCas9) to eliminate the NGG PAM constraint
(a requirement for the existence of any nucleotide followed by a GG sequence at the PAM target-
ing location). A near-PAMless variant is capable of targeting an expanded set of NGN PAMs, thus
targeting previously inaccessible disease-relevant genetic variants.

For gene-editing techniques to be suitable for routine preventive gene therapies, they must be
able to precisely modify genomic sequences with minimal off-target defects and to develop robust
quality control measures for the edited results, thus requiring further research into improving CRISPR
capabilities.

Another promising future technology may be synthetic genomics. This is a nascent field of synthetic
biology research and methods that encompasses [66]: (a) synthesizing nucleotide by nucleotide genomic
sequences, chromosomes or complete genomes, with or without modifications, based on the genome
sequencing of existing organisms, (b) synthesizing de-novo sequences or copies of existing genome
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segments and inserting them into a model organism genome to produce genetically modified organisms,
(c) artificial DNS synthesis, (d) creating entire lifeforms or chromosomal networks and systems, (e)
designing reduced and chimeric genomes, and (f) genomic recoding, for example, to achieve cell viral
resistance by reducing the codon set [67]—to mention some of the main subfields.

Item (a) above may be the most relevant for future gene therapies. Haimovich et al. [66] describe
the principles underpinning these techniques “as a writer is a reader moved to emulation.” A brief
quote describes best the history of these inventions: “Fruitful scientific investigations in the 1960s and
1970s led to the discovery of two ultimately interconnected techniques. Chain-termination sequencing
developed by Frederick Sanger and Walter Gilbert provided an increasingly facile approach for reading
the contents of genetic material [68]. Around the same time, investigations into bacterial resistance
to bacteriophage infection led to the discovery of restriction endonucleases and DNA ligases [69].
Soon after, these natural mechanisms were used in recombinant DNA technologies to assemble DNA
fragments controllably and reproducibly in the first examples of ‘copy-and-paste’ functionality.”

This method of constructing DNA by oligonucleotide assembly was applied to many bacteria. For
example Ostrov et al. [70], it not only synthesized a complete DNA (3.97 megabases) of Escherichia
coli, but also recoded the genome into a 57-codon genome to render it virus-proof, in which all 62,214
instances of seven codons were replaced with synonymous alternatives across all protein-coding genes.
The resulting bacteria cell showed comparable to the wild type fitness.

Not a single human chromosome has been synthesized to date. A project that may be counted as
a first proof of the concept in synthesizing an eucariotic organism was commenced ten years ago by an
international consortium aiming to synthesize a complete set of chromosomes in yeast Saccharomyces
cerevisiae [71]. The synthesis of one or more chromosomes was undertaken by separate research groups.
The synthetic chromosomes replaced the natural chromosomes, and the resulting yeasts have proven
viable [72, 73]. The last stage of the project—combining all synthetic chromosomes in one cell—is still
in progress.

While this technology must mature to be applied to the human genome, it will then be possible
to use it for diagnostic purposes in cell cultures—to insert or repair genetic defects, SNPs, repeats,
insertions or deletions in a reproducible and controllable way—to determine the identity and effects of
these variants on diseases. In this way, synthetic genomics techniques could help develop the precise
mapping of the effects of gene variants on disease phenotypes that can be used for improving diagnostic
precision and for identifying targets for future personalized gene therapy [74–76]. Hypothetically, if a
number of required corrections is large, rather than editing the DNA within a living cell, it may become
less risky to synthesize and troubleshoot chromosomes carrying corrections of detrimental gene variants
[76]. In this way, a chromosome may be synthesized with corrections applied to mutations, SNPs and
variants increasing disease predisposition, and we will have the luxury of as many re-syntheses as
needed. When the candidate for insertion synthetic chromosomes passes the quality control standard,
it could be used to replace the original untreated chromosome or a set of chromosomes. Considering
the complexity of the synthetic genomics compared to CRISPR-Cas9–based gene editing, it may take
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even longer for the synthetic genomics to be able to fulfill some of the futuristic tasks described in
this paragraph.

If none of these approaches ultimately succeeds in becoming reliable enough for gene therapy, it
is almost certain that a new, more suitable technique will be invented.

In This Research, Precise Zygote Stage Modifications Are Presumed in the Simulations
of Future Preventive Gene Therapies

For gene-editing therapies to have population genetic consequences, such therapies would have to cause
heritable changes that are passed from generation to generation. While it may appear at the moment
that the most practical approach may be gene therapy involving the zygote editing [77], for example,
during in-vitro fertilization [78], other less invasive approaches may be developed. A hypothetical future
method could to therapeutically target parental germ cells and preventively correct the parent’s genetic
disease predisposition for any offspring. As an example, a currently available laboratory technique that
uses sperm transfection assisted gene editing is capable of producing gene-edited poultry with desired
modifications [79, 80].

Thus, in this research, the hypothetical consequences of heritable germline gene therapies were
analyzed contingent on the technologies becoming available, without trying to guess their specifics.
It is provisionally assumed that each beneficiary of such simulated therapy would develop from a
precisely edited zygote.

1.1.3 Hardy-Weinberg Equilibrium and Heritable Gene Therapy

The gene therapy corrections that would change a subset of detrimental SNPs frequency within a
subset of a population will reach population-wide Hardy-Weinberg equilibrium after one generation
of random mating in an indefinitely large population with discrete generations in the absence of
mutation and selection. The frequency of genotypes will remain constant throughout generations
[81, 82]. This equally applies to polygenic phenotypes [83]. The extended diploid Wright–Fisher model
simulation [84] implemented in Chapter 5 of this paper reproduced this expected behavior, thus
validating that the model’s granularity on a generational scale was appropriate for the intended target
of this research. In the classical form the Wright–Fisher model simulates behavior of a hermaphrodite
population of a predetermined size, where individuals possess one or more alleles with a defined
initial allele frequency, with the discrete generations where the parental population reproduction
occurs simultaneously between random individuals, producing the number of offspring equal to the
parental population size, and the parental population dies immediately after reproduction. In this
research, the Wright–Fisher model was extended to implement: two sexes – male and female, genome
recombination with configurable recombination rates, the populations structure – the subdivision
into two subpopulations at a configurable fraction of the total population, reproduction of males
and females at configurable rates within and among the two subpopulations, and the ability to find
and modify individual alleles in order to emulate gene therapy (described in the following section).
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Although the mean population PRS, as also confirmed in Chapter 5, precisely follows the Hardy–
Weinberg principle, the behavior of disease risk variance in the polygenic admixture is more gradual
as a result of linkage disequilibrium and recombination [85–87]. It is demonstrated in Chapter 5 that
the additional polygenic disease risk associated with changes in variance is negligible for the relative
risk differences observed between populations, but even if the allelic heterogeneity were significant
[88], it would not negate the effects of gene therapy.

Witte et al. [89] reviews the population attributable fraction of a risk allele, which estimates
the extent to which a disease might be reduced if a risk allele was removed from a population. A
modification that would turn several causal alleles in a higher-risk population to a naturally occurring
neutral state of nucleotides hypothetically can reduce the risk to that of a lower-risk population.
Additionally, treating, for example, half of the individuals in a population with double the number of
corrected SNPs (or any other proportion, as long as there are enough SNPs to correct) would produce
identical population risk load reduction because the corrected SNPs would distribute within a few
generations of random mating. Therefore, even though the hypothetical future gene therapy would be
certainly applied to individuals with varying levels of PRS reductions, the cumulative effects can be
studied from the perspective of population PRS distribution, the approach taken in this research.

1.1.4 Gene Therapy Emulation

The analysis in this research is contingent on future genetic and computational techniques being able
to determine and safely modify a relatively small subset of disease genetic architecture SNPs from a
detrimental state to a neutral one. This is easy to accomplish in a population simulation, in which
the effect sizes and states of detrimental SNPs are known for each individual. These model genetic
architecture SNPs are treated as variants that are truly causal for disease liability and heritability.
The simulations emulate gene therapy by determining a set of active causal alleles in a simulated
individual’s genome and turning some that are needed to achieve the planned treatment effect size to
the neutral state.

This research evaluated gene therapy of each simulated polygenic disease independently of any
other diseases. Thus, it was not concerned with evaluating potential obstacles due to antagonistic
pleiotropy, which, in the context of gene therapy, are the possible negative effects on other phenotypic
features resulting from an attempt to prevent or alleviate a polygenic disease by modifying a subset
of SNPs [90, 91]. Under the common low-effect genetic architecture, from an average of hundreds
and thousands of such SNPs present in an average modeled individual, assuming an allele relative
risk of 1.1, a gene therapy would only need to correct an average of 15 SNPs to achieve a 4-fold
reduction in the relative risk and 24 SNPs to achieve a 10-fold relative risk reduction [89]. Arguably,
with personalized prophylactic treatment capabilities that were hypothesized as a prerequisite for such
preventive gene therapies 1.1.2, it would be possible to select a small fraction of variants from a large
set of choices (exemplified in Tables 4.4 and 5.2) that do not possess antagonistic pleiotropy, or perhaps
even to select SNPs that are agonistically pleiotropic with regard to some of the other diseases. After
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all, because of a balance between selection, mutation, and genetic drift on evolutionary scales [92], a
proportion of low-effect detrimental SNPs has achieved common population frequency simply because
they were not detrimental enough to have been selected out, rather than having been selected because
they provide a physiological or survival benefit. These SNPs would constitute a suitable therapeutic
target.

1.1.5 Heritable Disease Grouping Used in This Research

For this research, it was convenient to group genetic diseases into three broad categories that encom-
pass monogenic or polygenic heritability and age-related incidence pattern: the Mendelian conditions,
the polygenic early- to middle-age-onset diseases (EMODs), and the polygenic late-onset diseases
(LODs). Their characteristics that are relevant for the analysis will be discussed next.

1.1.5.1 Mendelian Conditions and Mutations

Mendelian or monogenic conditions are diseases that are caused by mutations in one gene. While this
research focuses on polygenic diseases, it is worth mentioning Mendelian conditions in relationship to
gene therapies (for a more extensive summary, see section 5.1).

The search for singular genetic mutations started decades ago and continued with GWASs and
WGS, which led to the discovery of many thousands of highly malignant so-called Mendelian con-
ditions. Among such conditions are sickle-cell anemia, Tay–Sachs disease, cystic fibrosis, hemophilia,
thalassemia, Huntington’s disease, early-onset Alzheimer’s disease, and macular degeneration, as well
as mutations in the BRCA1/2 genes that are causally linked to multiple types of cancer, especially
breast cancer [23]. On its own, the prevalence of each such disease in the population is relatively low.

Hypothetically, when the medical technology becomes available to safely and accessibly correct
these mutations, and if governmental regulations allow it in the future [93], treated individuals and
their descendants (in cases of heritable gene therapies) will be effectively cured and will not need to
be concerned about the single specific cause of their disease.

From a population genetics perspective, a Mendelian condition presents a simple calculation. To
somewhat simplify, the probability of each high penetrance condition decreases proportionately to
the frequency reduction of dominant conditions and decreases proportionately to a square of allele
frequencies in case of recessive conditions [82], with obvious consequences in case of heritable therapies
on a population level.

Some Mendelian conditions that occur sporadically in each generation are caused by germline or
de novo mutations, that is, by mutations that happen during gametogenesis and postzygotically. The
human germline mutation rate is low, estimated to be on average 1.18· 10−8 mutations per nucleotide
per generation, which corresponds to 44–82 mutations per individual genome with an average of
only one or two mutations affecting the exome [94], with almost all of these mutations having no
noticeable effect. However, when they disrupt a critical location in the genome, they may result in
highly detrimental or lethal disorders, causing severe early-onset genetic disorders such as intellectual
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disability, autism spectrum disorder, and other developmental diseases [94]. Companies like Genomic
Prediction [95] are beginning to explore the diagnostic potential of mutational tests for rare monogenic
disorders, including de novo mutations, as well as polygenic disease risk scores for in vitro fertilization
patients.

1.1.5.2 Polygenic Late-Onset Diseases (LODs)

When it is young, the human organism usually functions as well as it ever will. With time, the or-
ganism’s functions decline, leading to the common image of aging as one of thinning hair and a loss
of pigmentation in what remains, increased wrinkling and altered pigmentation of the skin, reduc-
tions in height, muscle and bone mass, joint pain, and deficits in hearing, sight and memory [96].
The combination of genetic liability, environmental factors, and the physiological decline of multiple
organism systems leads to individual disease presentation. Detrimental gene variants are exacerbat-
ing factors [97], compared to the average distribution of common gene variants that define human
conditions, as they apply to polygenic LODs. The time of onset for each individual is modulated by
genotype and environment [98]. While some individuals will be diagnosed at a relatively young age,
others will not be diagnosed with a particular LOD during their lifetime [99]. The level of susceptibility
to the major polygenic LODs and the difference between high-risk and low-risk individuals may lie in
a slightly higher- or lower-than-average fraction of detrimental gene variants.

This research quantified the risk progression with age and the discovery power of GWASs of eight
highly prevalent LODs, using them as a case study for the first three publications: Alzheimer’s disease
(AD), type 2 diabetes (T2D), coronary artery disease (CAD), cerebral stroke, and four late-onset
cancers: breast, prostate, colorectal, and lung cancer.

For the quantifiable modeling in the three chapters that focus on LODs, the term incidence will
be primarily used, meaning the fraction of the population that is newly diagnosed with an LOD each
year relative to the still unaffected population.

An investigation into the epidemiological statistics showed that incidence rates for these eight
diseases exhibited a fast rise starting at relatively late onset ages, specific for each LOD. Initially,
the incidence rate increases approximately exponentially with age (see Figure 2.1). This exponential
growth continues for decades, and eventually, the rate in older cohorts may flatten, as in the case of
T2D [100]. In the case of cerebral stroke and CAD, the clinical studies indicate a slowdown in the
incidence rate increase for individuals over the age of 85 [101]. The incidence of Alzheimer’s disease, on
the other hand, continues exponentially to the age of 95, with projections reaching incidences above
20% [102]. Cancer progression reaches only a small fraction of the incidence levels of these LODs, even
for these four most prevalent cancers, and also shows an initial, close to exponential rise, eventually
continuing at a slower incidence increase rate [103]. Statistically the lifetime risks of these cancers is
as follows: for breast cancer 12% [104] in the US and 8.1% in Nordic countries Möller et al. [105]; for
prostate cancer 6% for Danish, 12% in Finnish, Norwegian, and Swedish cohorts [106], and 12% in
the US and the UK is 12% [103, 107]; for colorectal cancer 4.1% for women and 4.5% for men in the
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US [107], and correspondingly 5% and 7% in the UK [103]; and for lung cancer 6.0% for women and
6.9% for men in the US [107], and the corresponding numbers are 5.9% and 7.6% in the UK [103].
Generalizing to other cancers [103, 107], the incidence is much lower for more than hundred of the
less prevalent cancer types. In summary, the regression analysis determined that the incidence of all
eight LODs initially grows exponentially, doubling in incidence every 5 to 8.5 years, and remains high
at older ages, leading to a high cumulative incidence for these four LODs and less for cancers.

The four LODs other than cancers were also chosen because they are some of the most researched
diseases. The investigation into the epidemiological and clinical literature yielded interesting observa-
tions. There are numerous reports of heritability, clinical predictive power, and GWAS discovery power
diminishing with age for these LODs. Specifically, observed T2D heritability equal to 69% for the 35–
60-year age-of-onset group and low observable heritability for older ages [108]. GWASs [109, 110] that
segregate T2D risk SNPs by age into two age groups have found that the risk factor values are higher
for those under the age of 50, compared to the older cohorts. A cardiovascular disease (myocardial
infarction) study by Nielsen et al. [111] found the predictive power of parental history declines for
ages older than 50. Schulz et al. [112] found familial history is the best predictor of ischemic stroke
for individuals under the age of 60. A review based on Framingham’s study [113] found the parental
predictive power of stroke diminishes for those aged over 65. The heritability of AD is estimated at
79–80% from twin studies [114, 115] at approximately 65 years of age, diminishing with increasing
age. The AD GWASs [114, 116, 117] have come to similar conclusions. In summary, the predictive
power of familial history for these LODs is greatest for younger ages, specifically <65 years of age for
AD, <50 for CAD, <60 for stroke, and <50 for T2D.

Compared to these LODs, the four most prevalent cancers—breast, prostate, colorectal, and lung
cancers—display a noticeably different pattern. These cancers, with their high incidence and mortality
at older ages, were an indispensable part of this research. For three out of the four most prevalent
cancers, twin studies have shown relatively constant heritability with age progression [105, 118–120];
the most informative of these studies were published after 2015, and this information, so valuable for
this research, was not known earlier. If this research had been attempted four years ago, the findings
that GWAS discovery power for cancers is relatively less affected with age could not be compared
with the relatively constant heritability with age for these cancers. Determining the change in lung
cancer heritability with age has proven more elusive [121], and no definitive conclusions have been
published, largely due to the generally low documented heritability and substantial environmental
component of this disease. The fraction of all diagnoses for these cancers that can be attributed to
highly detrimental inherited mutations is relatively small, estimated to explain heritability connected
with 10%–14% of breast cancers [104, 122], 10%–12% of prostate cancers [123–126], and 5%–10% of
colorectal cancers [120, 127] and was assumed to be a relatively minor fraction for lung cancers [128–
130]. For the majority of these cancers, liability is attributed to the common low-effect gene variants.
The development of cancer is a multistage process, wherein individual variability in any tumorigenesis
stage duration or liability may be influenced by hereditary predisposition as well as environmental
factors [131].
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1.1.5.3 Polygenic Early- to Middle-Onset Age Diseases (EMODs)

The polygenic diseases with the highest incidence in early and middle-age are asthma [132, 133],
chronic migraine [134, 135], Dupuytren’s disease [136], rheumatoid arthritis [137], lupus erythematosus
[138], schizophrenia and bipolar disorder [139], and Crohn’s disease [140, 141]. The lower prevalence
of these diseases contrasts with the high prevalence of some LODs, highlighting differences in their
evolutionary and causal manifestations [142]. Genetic causality of polygenic EMODs is also primarily
attributable to the common low-effect alleles. These diseases are less suitable for the age-specific rates
approach of the first three publications because subjects with an earlier age of disease onset do not
necessarily show an increased polygenic risk burden, as exemplified by schizophrenia incidence [143].
The liability of these diseases is often illustrated using the liability threshold model proposed by
Falconer [144] (see Figure 5.1C).

These diseases were assumed to have an early to middle-age onset, with a low incidence at older
ages. The term “prevalence” is also customarily used in liability threshold models. Often, however,
whether the term pertains to a whole population or a population of a certain age range is not well
defined. Here, the term is used more narrowly: in this study, “prevalence” in Chapter 5 means the
cumulative incidence of a disease at an age later than the typical onset age range, with negligible
incidence later on. Thus, the definition of prevalence in this context is more similar to the lifetime
risk concept.

The liability threshold models [145–147] cannot sample individuals in the multi-generation popu-
lation simulations required in this study, and they are also based on specific allele distributions that
will not be maintained during ongoing admixture and gene therapy. Hence, this study developed the
simulation approach described in section 5.4.4, applying probabilistic sampling of individuals by PRS,
validated earlier in Chapter 4 [3].

1.1.6 Population Stratification and Admixture

Geographic and local population genetic stratification and variation complicate the ability to diagnose
and treat medical conditions [148] (for additional exposition, see Addendum A5.6.1). The predictive
utility of GWAS and GWAS PRSs also varies broadly if the risk score is applied to a population other
than the one for which the score was initially determined [9, 149, 150]. At the same time, there are
many indications of the commonality of causal gene variants for polygenic diseases among geograph-
ically distinct populations [151, 152], while admixed populations present an intermediate liability to
diseases [153–155]. The simulations evaluating the potential magnitude of population stratification and
admixture and the gene therapy concurrently with population admixture are analyzed in Chapter 5.

1.2 Overview of the Simulation Implementations

Two computer simulations were written in this research with the necessary added functionality to
best address specific follow-up analyses. In-depth descriptions are presented in the corresponding
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publication chapters. The concise outline of the simulations follows.

• Chapter 2. In these prospective simulations, the aging of the population was simulated from birth to
the maximum age limited by mortality. At every year of age, a subset of individuals to be diagnosed
with an LOD was sampled proportionately to an individual’s relative PRS assigned at birth relative
to all other individuals in the as-yet-unaffected population (illustrated in Algorithm 1).
The number of individuals diagnosed annually was determined using the model incidence rate curve
derived from clinical statistics. In this manner, the aging process was probabilistically reproduced
using a population simulation model. As the simulation progressed, the risk alleles were tracked for
all newly diagnosed individuals and the remaining unaffected population, and their representation
in the affected and remaining population was statistically analyzed.
In addition to the per-year analysis, the cohorts with a 10-year age span were formed for simulations
of GWASs statistical discovery power change as the simulated population aged, and cases and
controls cohorts were analyzed for the effect allele frequency difference, with the corresponding
estimate of the cohort size needed to achieve 80% GWASs statistical discovery power (described in
section 2.2.3).

• Chapter 3. Based on the simulations developed in Chapter 2, rather than analyzing only the age-
matched individuals and cohorts, the simulation progressed in age until the mid-cohort age at which
the fraction of population that succumbed to an LOD exceeded 0.25% population prevalence—the
prevalence that was postulated as a minimum needed for forming the case cohort. This set of
diagnosed individuals was retained for the duration of the simulation as the case cohort.
The simulation continued with the population aging and being subject to probabilistic disease in-
cidence, and at each progressive year of age, a new random set of as-yet-unaffected individuals was
sampled, thereby forming a new cohort with a progressively higher mid-cohort age. These cases
and controls cohorts were analyzed for the effect allele frequency difference between cases and con-
trols, with the corresponding estimate of the cohort size needed to achieve 80% GWASs statistical
discovery power. The case-control populations produced by these simulations were suitable for the
consequential GWASs association analysis that was used to validate the adjustment that would be
necessary with such non-age-matched cohorts.

• Chapter 4. Based on this foundation, a modified computer simulation algorithm mapped the poly-
genic risk to the hazard of being diagnosed with the same eight common LODs, based on their
known heritability and incidence rates, under the proportional hazards model and multiplicative
genetic architecture. The core of the simulation was the iterative discovery and application of the
aging coefficient (see Equation (4.2)), mapping individual PRSs to the ratio specific to each LOD on
a yearly basis (depicted in Figure 4.1). The resulting mapping was used to quantify the population
effects of the emulated prophylactic gene therapy, alongside longevity increases.

• Chapter 5. To track the changes in disease prevalence associated with population admixture and
gene therapy, it was necessary to map PRSs to the probabilities of succumbing to a polygenic
disease on the basis of the genetic architecture heritability and disease prevalence. The extended
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diploid Wright–Fisher model simulation, designed for this purpose, sampled individuals from the
allocated population without replacement, proportionate to individual relative risk, until a sample
of individuals diagnosed with the disease reached the number that satisfied the disease prevalence.
The simulation sorted the sampled diagnosed individuals into narrow PRS intervals and determined
the probabilities of individuals in each PRS band succumbing to the EMOD. This mapping was used
in subsequent generations following gene therapy and population admixture, allowing the tracking
of the population EMOD prevalence changes and PRS distribution. The analysis of population PRS
distribution changes accompanying population admixture was equally applicable to LODs.

1.3 Outline of the Thesis

Late-onset diseases are the focus of the first three publications incorporated in this thesis, Chapters
2–4 [1–3]. It was necessary to evaluate the interaction between the aging process and PRSs for LODs
(resulting in publications [1, 2]) before it was possible to evaluate the outcomes of hypothetical future
gene therapy [3], which led to developing the simulational approach adopted by this research. A
large fraction of the knowledge acquired in work on LODs was applicable to the EMODs, presented
in Chapter 5 [4]. The population stratification and admixture analysis was indispensable for the
generational scale perspective, and admixture considerations are applicable to analysis of both LODs
and EMODs. A brief description of the content of this thesis follows.

Quantifying the Change in LOD Risk Allele Frequency with Age of Diagnosis and Its
Effect on GWAS Statistical Discovery Power (Chapter 2)

The research [1] presented in this chapter investigated disease epidemiology and incidence patterns
for eight prevalent LODs: AD, T2D, CAD, and stroke and four late-onset cancers: breast, prostate,
colorectal, and lung cancers. The genetic architecture scenarios and applying Cox’s proportional haz-
ards model to LODs’ incidence progression with age also became the foundation for the subsequent
two papers.

Evaluating the Potential of Younger Cases and Older Controls Cohorts to Improve
GWASs’ Discovery Power of LODs (Chapter 3)

Research [2] has demonstrated that GWASs of polygenic LODs showing high cumulative incidence to-
gether with high initial heritability will benefit from using the youngest possible age-matched cohorts.
Moreover, rather than using age-matched cohorts, study cohorts combining the youngest possible cases
with the oldest possible controls may significantly improve the discovery power of GWASs.
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Quantifying the Potential for Gene Therapy to Lower Lifetime Risk of Polygenic LODs
(Chapter 4)

In this research [3], a modified computer simulation algorithm mapped polygenic risk to the hazard
of being diagnosed with the same eight common LODs at every year of age. This risk mapping was
then used in the simulated gene therapy for lowering population polygenic risk and also evaluated the
population’s lifetime risk of these diseases with increasing life expectancy.

Evaluating the Potential for Gene Therapy to Lower Lifetime Risk of Polygenic
EMODs and Quantifying Population Stratification and Admixture (Chapter 5)

In this study [4], the extended diploid Wright–Fisher model computer simulations were used to eval-
uate the magnitude of heterogeneity in causal alleles for polygenic diseases that could exist among
geographically distinct populations, estimate effects of emulated gene therapy in case of EMODs, and
evaluate the progression of population admixture that would accompany such therapies. The combi-
nation of these EMOD findings with earlier published LOD conclusions resulted in a comprehensive
picture of preventive polygenic disease gene therapy from a population genetics perspective.

Discussion (Chapter 6)

The Discussion section summarizes the findings reported in Chapters 2–5. If a reader decides to skip
Chapters 2-5, which present the published articles, reviewing the Discussion chapter in addition to
this Introduction should be sufficient for the reader to learn about the main findings and conclusions.





2. Age-Related Late-Onset Disease
Heritability Patterns and Implications for

Genome-Wide Association Studies

This chapter is adapted from:
Oliynyk RT. “Age-related late-onset disease heritability patterns and implications for genome-wide
association studies.” PeerJ, 7:e7168, Jun 2019. [1].

2.1 Introduction

Throughout the ages, late-onset diseases (LODs) were considered the bane of the lucky few who
survived to an advanced age. Over the last couple of centuries, however, continuous improvements
in sanitation, life and work environments, vaccinations, disease prevention, and medical interventions
have extended the average life expectancy by decades.

With a growing fraction of the population being of advanced age, the leading causes of mortality
are now heart disease, cancer, respiratory disease, stroke, and notably Alzheimer’s disease and other
dementias [156]. The need—and with it, the effort being made—to determine the causes of late-onset
diseases is ever increasing, and one of the targets of medicine has become combating aging itself in
addition to specific age-related diseases [157].

One of the major goals of computational biology is to identify gene variants that lead to increased
odds of late-onset diseases. Nevertheless, polygenic LODs remain resistant to the discovery of sufficient
causal gene variants that would allow for accurate predictions of an individual’s disease risk [158–160].
This is despite the fact that LODs with varied symptoms and phenotypes show high heritability in
twin and familial studies [161].

At a young age, the human organism usually functions as well as it ever will. With time, the
organism’s functions decline, leading to the common image of aging as one of thinning hair and
a loss of pigmentation in what remains, increased wrinkling and altered pigmentation of the skin,
reductions in height, muscle and bone mass, joint pain, and deficits in hearing, sight and memory [96].
The combination of genetic liability, environmental factors, and the physiological decline of multiple
organism systems leads to individual disease presentation. Genetic variation may be either protective
or detrimental when compared to the average distribution of common gene variants that defines human
conditions as it applies to polygenic LODs.

Researchers engaged in genome-wide association studies (GWASs) often set an unrealistic expecta-
tion that a combination of causal single nucleotide polymorphisms (SNPs)—also known as a polygenic

17
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score—will, irrespective of the patient’s age, completely predict an individual’s predisposition to an
LOD to a degree matching the maximum heritability found in familial studies [114, 162]. The missing
heritability debate, in the case of LODs, often treats polygenic LODs as if they were binary hereditary
phenotypic features rather than facets of failure processes that arise in the human body [163] when
it is past its reproductive prime and when evolutionary selection is significantly relaxed compared to
younger ages [96].

GWAS can implicate a subset of SNPs that can typically explain between 10 and 20% of the genetic
heritability of a polygenic LOD [8]. There are two complementary hypotheses explaining this so-called
missing heritability [15–18]. The first is the hypothesis that LODs are caused by a combination of
a large number of relatively common alleles of small effect [19]. GWASs have been able to discover
only a small number of moderate-effect SNPs, but a large number of SNPs remain below GWASs’
statistical discovery power. The second hypothesis states that LODs are caused by a relatively large
number of rare, moderate- or high-effect alleles with a frequency below 1% that likely segregate in
various proportions into subpopulations or families [20, 21] and are also under the radar of GWASs’
discovery power.

Both scenarios can contribute to observational facts, but their relative weights vary depending on
the genetic architecture of an LOD [22]. Rare highly detrimental alleles become indistinguishable in
their presentation from the OMIM cataloged conditions and will likely be diagnosed as a separate
disease or syndrome. The population age distribution and individual disease progression of polygenic
LODs are best understood by considering the aging process itself as an ongoing loss of function, which
can be modulated by the genetic liabilities resulting from both common and rare SNP distributions
combined with changing environmental and lifestyle variables. It has been determined [24, 25] that
common variants very likely explain the majority of heritability for most complex traits.

While the findings of GWASs can explain only a fraction of heritability, the systematically col-
lected SNP correlations provide a good indication of what to expect regarding the effect sizes and
allele frequency distribution of as yet undiscovered SNPs [15]. Many studies focus on constructing
hypotheses, defining the types of gene variants that could explain the missing heritability, proving
why these gene variants are difficult to discover, and identifying the evolutionary processes that led to
the hypothesized and observed gene variant distributions [17, 158, 159, 161, 164, 165]. These studies
explore the effect sizes and allele frequencies that GWAS would expect to find for LODs as well as
the genetic architecture of complex traits and their implications for fitness.

The age-related heritability decline of some LODs has been assumed for decades. The precise
magnitude of heritability change with age is typically unknown for most LODs, and the effects are
not understood and often ignored or overlooked. Most GWASs recommend homogeneity in cohort
age—that is, that the same age window should be targeted—although it has been suggested [166] that
individuals with an early age of onset are likely to have greater genetic susceptibility. Discussing a
replication study design, Li and Meyre [166] stated, “Once the risk of false positive association has
been ruled out by initial replication studies, the focus of the association can be extended to different
age windows.” Another common approach is to “age adjust” the effect [167] with the goal of removing
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or averaging out the effect of aging rather than examining its consequences more thoroughly. Two
recent studies [168, 169] emphasize the need to explore “extreme phenotype sampling” in order to
improve GWAS discovery, including using cohorts that are diverse in age.

One of the first geneticists to build a conceptual foundation for disease susceptibility, and the
pioneer of the liability threshold approach, was D. S. Falconer in his studies of inheritance estimated
from the prevalence among relatives [170] and his 1967 follow-up study exploring the prevalence
patterns of LODs, specifically diabetes [144], and their decreasing heritability with age. These concepts
were not followed up by systematic research, likely due to the difficulties involved in setting up large
familial studies and perhaps the perceived limited clinical use of this kind of expensive and time-
consuming project.

Detailed, high-granularity data on heritability by age are rare for most diseases. The familial
heritability, clinical, and epidemiological statistics were available for eight prevalent LODs, Alzheimer’s
disease (AD), type 2 diabetes (T2D), coronary artery disease (CAD), and cerebral stroke, and four
late-onset cancers: breast, prostate, colorectal, and lung cancer. These statistics served as the basis for
this study’s analysis and conclusions. This study investigated the model in which the polygenic risk of
an individual remains constant with age and endeavored to establish how the higher odds of becoming
ill of individuals with higher polygenic liability may lead to a change of risk allele distribution as the
population ages and whether this alone may explain some of the known observational facts.

A set of computer simulations quantified the change in the risk allele representation for these
LODs as the population ages and determined how and why these changes affect clinical predictive
power and GWAS statistical discovery power with age more for some LODs than for others.

2.2 Methods

2.2.1 The Model Definition

According to Chatterjee et al. [27], the conditional age-specific hazard of the disease, H(t|G) that is
defined as the probability of developing the disease at a particular age t, given that a subject has been
disease-free until that age, can be modeled using Cox’s proportional hazards model [26]:

H(t|G) = H0(t)· exp(
∑
k

bkGk), (2.1)

representing the multiplicative effect of a set of risk factors G = (G1, ..., Gk) on the baseline hazard of
the disease H0(t). The set of age-independent variables Gk could include genetic and environmental
risk factors, as well as their interaction terms.

The following summary from Chatterjee et al. [27] is particularly relevant to the methodology of
this research: “logistic regression methods are preferred for the evaluation of multiplicative interactions.
For case-control studies, if it can be assumed that environmental risk factors are independent of the
SNPs in the underlying population, then case-only and related methods can be used to increase
the power of tests for gene-environment interactions. To date, post-GWAS epidemiological studies of
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gene-environment interactions have generally reported multiplicative joint associations between low-
penetrant SNPs and environmental risk factors, with only a few exceptions.” This means that the
genetic risk Gu =

∑
k bkGk, as the lifelong characteristic of each individual u, is used multiplicatively

with H0(t), which encompasses environmental and aging effects.
It is important to note that the simulations conducted in this research rely on the model genetic

architectures of the analyzed LODs, not a complete GWAS map of their experimentally discovered
SNPs, because GWAS-discovered sets can explain only a fraction of these LODs’ heritability. These
model genetic architecture SNPs are treated as “true” causal variants for disease liability and heri-
tability, as discussed in Chatterjee et al. [27], rather than GWAS-linked SNPs. They are used as a
priori known constant causal SNPs that combine into individual polygenic risk scores (PRSs) for an
LOD, as will be described further. The study by Pawitan et al. [28], which followed the mathematical
foundation and simulational validation of the liability model developed in Noh et al. [171], served as
a basis for the genetic architectures used in this study.

Taking an aging population simulation approach allows for the identification of individuals be-
coming ill and, with them, the corresponding allele distribution between cases and controls, without
intermediate steps and operating directly with the odds-ratio-based polygenic risk scores common to
GWASs and clinical studies. The core of the simulation is Algorithm 1, operating on the known yearly
incidence of an LOD and the PRSs for all individuals based on a modeled LOD genetic architecture:

for age = 1 to MaxAge do
numberIllThisY ear = I(age)·N // N is unaffected population
for i = 1 to numberIllThisY ear do

HRsum = 0 // will recalculate sum of all HRs
for u = 1 to N do

HRsum = HRsum+ORtoHR(βu) // calculate the HR total
LOOKUP (add,HRsum, u) // add uth individual to the lookup table

end
rand = RandomNumber(0, HRsum) // pick a random number
ill = LOOKUP (find, rand,N) // found newly diagnosed
N = N − 1 // decrement in number of healthy individuals
ProcessAndAnalyze(ill)

end

end
Note: an individual makes a sampling target proportionate to the hazard ratio (HR) in the LOOKUP () table.
Odds ratios (ORs) are converted to HRs, similar to the approach taken by Wang [172]. An individual with an
HR of 15 will be 150 times more likely to be sampled than an individual with an HR of 0.1.
ProcessAndAnalyze() moves newly diagnosed individual from the healthy to the ill population pool, accounts
for allele distribution, case/control ORs, etc.

Algorithm 1: Sampling individuals diagnosed with a disease proportionately to their polygenic
odds ratio and incidence rate.

Descriptively, the algorithm works as follows. In this prospective simulation, each next individual to
be diagnosed with an LOD is chosen proportionately to that individual’s relative PRS at birth relative
to all other individuals in the as-yet-unaffected population. The number of individuals diagnosed
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annually is determined using the model incidence rate curve derived from clinical statistics. In this
manner, the aging process is probabilistically reproduced using a population simulation model rather
than a computational model. As the simulation progresses, the risk alleles are tracked for all newly
diagnosed individuals and the remaining unaffected population, and their representation in the affected
and remaining population is statistically analyzed.

The following sections describe the model genetic architectures, the LOD incidence models and
the statistical foundations of this research, and sections 2.2.6, 2.2.7, and 2.2.8 describe the simulations
implementation.

2.2.2 Allele Distribution Models

An in-depth review by Pawitan et al. [28] extensively analyzed models of genetic architecture and
through simulations determined the number of alleles required to achieve specific heritability and
estimated the discovery power of GWASs. They calculated allele distributions and heritability and
ran simulations for six combinations of effect sizes and minor allele frequencies (MAFs). Reliance on the
conclusions of Pawitan et al. [28] in this research makes it unnecessary to repeat the preliminary steps
of evaluating the allele distributions needed to achieve the requisite heritability levels. The Pawitan
et al. [28] alleles represent the entire spectrum ranging from common, low-frequency, low-effect-size
alleles to extremely rare, high-effect, high-frequency alleles. The five most relevant architectures were
implemented in this study; see Table 2.1.

Table 2.1: Genetic architecture scenarios.

Scenario MAF Odds ratio

A. Common low 0.073–0.499 1.05–1.15
B. Modest low 0.0365–0.2495 1.05–1.15
C. Rare low 0.0146–0.0998 1.05–1.15
D. Rare medium 0.0146–0.0998 1.28–2.01
E. Rare high 0.0073–0.0499 1.63–4.05

Allele distributions as modeled by Pawitan et al. [28].

It is also handy for repeatable allele tracking, rather than generating the continuous random
spectrum of allele frequencies and effect sizes, to follow the Pawitan et al. [28] configuration and
discretize the MAFs into five equally spaced values within the defined range, with an equal proportion
of each MAF and an equal proportion of odds ratios. For example, for scenario A, the MAFs are
distributed in equal proportion at 0.073, 0.180, 0.286, 0.393, and 0.500, while the odds ratio (OR)
values are 1.15, 1.125, 1.100, 1.075, and 1.05, resulting in 25 possible combinations. This block of
25 SNPs is repeated as many times as needed to achieve the required LOD heritability, as described
further in this section. Having multiple well-defined alleles with the same parameters facilitated the
tracking of their behaviors with age, LOD, and simulation incidence progression.
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An individual polygenic risk score β can be calculated as the sum of the effect sizes of all alleles,
which is by definition a log(OR) (natural logarithm of odds ratio) for each allele, also following Pawitan
et al. [28]:

βu = log(OR) =
∑
k

aklog(ORk), (2.2)

where ak is the number of risk alleles (0, 1 or 2) and ORk is the odds ratio of additional liability
presented by the k-th allele of individual u.

Variance of the allele distribution is determined by:

var = 2
∑
k

pk(1− pk)(log(ORk))2, (2.3)

where pk is the frequency of the k-th genotype [28].
The contribution of genetic variance to the risk of the disease is heritability:

h2 =
var

var + π2/3
, (2.4)

where π2/3 is the variance of the standard logistic distribution [171]. For example, the number of
variants needed for the Scenario A LODs is summarized in Table 2.2.

Table 2.2: Heritability of analyzed LODs and an example of required variant numbers for common
low-effect variants: Scenario A.

Highly prevalent LODs Cancers

AD T2D CAD Stroke Prostate Colorectal Breast Lung

Heritability 0.795 0.69 0.55 0.41 0.57 0.40 0.31 0.095
Variants 3575 2125 1175 625 1250 600 400 100

The block of 25 SNPs constituent of the LODs genetic architectures was repeated as many times as needed to achieve
the required LOD heritability. For example, for AD, the block is repeated 143 times: 143 · 25 = 3575. Furthermore, it is
repeated four times for lung cancer: 4 · 25 = 100.
Equations (2.3) and (2.4) can be used to find the variance of 25 allele blocks from Table 2.1 and to calculate the
matching number of times to repeat these blocks to achieve required heritability. Because the simulation code has
implemented these calculations, a code loop printed out the array of all block multiples and heritability values early on
in the simulation development. The simulations also calculate the complete allocated population PRS variance between
individuals and print out the corresponding heritability with each simulation run. The simulations had an option to use
partial sets to match a precise heritability, but because the whole sets have allowed a sufficiently close match to the
needed heritability values, the whole blocks were used, rather than overrepresenting some alleles.

Following Pawitan et al. [28], the variants are assigned to individuals with frequencies proportionate
to MAF pk for SNP k, producing, in accordance with the Hardy–Weinberg principle, three genotypes
(AA, AB or BB) for each SNP with frequencies p2k, 2pk(1− pk) and (1− pk)2. The mean value βmean

of the population distribution can be calculated using the following equation:

βmean = 2
∑
k

pk· log(ORk) (2.5)
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Customarily, the individual PRSs are normalized relative to βmean, resulting in a zero mean initial
population PRS, making it easy to compare higher- and lower-risk individuals. The figures A2.19
and A2.20 depict the corresponding population distribution of detrimental variants and PRSs for the
common, low-effect-size genetic architecture.

A part of simulation functionality is to allocate the genetic architectures and calculate the variance,
using Equation (2.3), of each genetic architecture instance described above. Each genetic architecture
listing is represented in the [173] executable folder; for example, the file “CommonLow.txt” lists the
variants describing Scenario A (only three columns are used for this simulation: SNP–internal use
identifier, EAF–effect allele frequency, and OR). In the case of Scenario A, var = 0.09098 for the
single set of SNPs listed in this file. Rearranging Equation (2.4) and changing the multiple allows for
the discovery of the number of variant sets for each LOD, as seen in Table 2.2, and for the target
heritability to be closely approximated. Each simulation run calculates the PRS variance within the
population and records heritability and allele distributions for the case and control populations as the
simulated age progresses.

2.2.3 Evaluating GWAS Statistical Power

GWAS statistical power is the estimate of the ability of GWASs to detect associations between DNA
variants and a given trait, and depends on the experimental sample size, the distribution of effect
sizes, and the frequency of these variants in the population [8]. Statistical power calculations are
very useful in a case/control study design for determining the minimum number of samples that
will achieve adequate statistical power; conventionally, statistical power of 80% is considered to be
acceptable [174]. To achieve greater power, a disproportionately larger number of cases and controls
may be required, which is frequently unrealistic for cohort studies. A number of statistical power
calculators are available, for example, Sham and Purcell [175]. This study utilized the Online Sample
Size Estimator (OSSE) [176].

The progress made by GWASs over the last decade, particularly in relation to polygenic traits,
was to a large extent due to ever-increasing cohort sizes. Cohort size is one of the principal factors
limiting GWAS discovery power, making it an important benchmark for this study. Here, the cohort
size is defined as the number of cases and controls needed to achieve 80% statistical discovery power
when the case/control allele frequency changes with cohort age for a subset of representative alleles
in the model genetic architectures.

For each such allele in the simulated population, the allele frequency for cases and controls is
tracked as age progresses. According to Sham and Purcell [175], a convenient intermediate step in
calculation of discovery power is to find a a non-centrality parameter (NCP) that determines the
shape of non-central chi-squared distribution with one degree of freedom. The NCP λ can be calculated
following Vukcevic et al. [177]:

λ = 2N · θ· (1− θ)· f · (1− f)·β2, (2.6)
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where N is the overall population sample size, θ is the fractions of cases, and (1 − θ) is the fraction
of controls. The value θ = 0.5, or an equal number of cases and controls, is used throughout this
publication. The allele frequencies f and the effect size β = log(OR) for an allele of interest are
determined from the cases and controls allele frequencies. Having obtained NCP λ from Equation (2.6),
the statistical power for chi-squared distribution can be calculated following Stram [178]:

StatPower = 1− pchisq(qchisq(PSign, 1), 1, λ) (2.7)

where PSign = 0.99999995 corresponds to a 5· 10−8 significance level. This equation returns statistical
power based on a case/control number and the NCP as calculated above. The outputs of this function
were validated using the Online Sample Size Estimator (OSSE) [176]. The OSSE calculator allows
entering the cohort sizes, case and control allele frequencies, and significance required, returning as
the output the GWAS discovery power. The values returned by the OSSE calculator practically exactly
matched the simulation code values (see Figure A2.9). To find the number of cases needed for 80%
GWAS discovery power, having the case and control allele frequencies, the cohort sizes were iteratively
calculated until the value of StatPower matched 0.8 (80%) with an accuracy better than ±0.01% for
each age and allele distribution of interest.

2.2.4 LOD Incidence Functional Approximation

The simulations were applied to eight of the most prevalent LODs: Alzheimer’s disease, type 2 diabetes,
coronary artery disease, and cerebral stroke, and four late-onset cancers: breast, prostate, colorectal,
and lung cancer.

First, the functional approximation of the clinical incidence data used for the simulations is de-
scribed. The incidence progression of the LODs with age is presented in Figure 2.1. The initial incidence
rate (the fraction of the population newly diagnosed each year) increases exponentially with age. This
exponential growth continues for decades, after which the growth in older cohorts may flatten, as in
the case of T2D [100]. In the case of cerebral stroke and CAD, the clinical studies indicate a slowdown
of the incidence for individuals over the age of 85 [101]; accordingly, a constant level was used for the
exponential approximation Equation (2.8).

The incidence of Alzheimer’s disease, on the other hand, continues exponentially past the age of
95 ([102] finds incidence 12.1% at this age), with trend likely reaching incidences above 20%. Cancer
progression reaches only a small fraction of the incidence levels of the above-mentioned LODs, even
for the four most prevalent cancers. Generalizing to other cancers, the incidence is much lower for
more than a hundred of the less prevalent cancer types.

The granular information about incidence trends is practically non-existent for all analyzed LODs
at ages over 85. However, the following publications help to make the estimates of the incidence
patterns at older ages. Rothwell et al. [101] had listed incidences at 85+ years of age equal 4.48% for
stroke, and 3.00% for CAD. Miyaishi et al. [179] show that cancer incidence levels out after age of
90, though the British cancer statistics [103] show an increase at age 87 compared to age 82, with
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the exception of prostate cancer incidence flattening by age 75. Andersen et al. [180] report that
the most common centenarian cancers were prostate (11.7% of males), breast (8.2% of females), and
colon (5.7%), which is alike to the lifetime risk of the average lifespan population; this also supports
the incidence flattening trend for these diseases. Statistics for Canadian nonagenarians, Wister and
Wanless [181] report the rates of CAD 34.3% for women and 28.2% for men, indicating relatively flat
incidence from preceding five years. Russo et al. [182] find that only a few studies reported incidence
of stroke in patients over 80. On the other hand, there were only moderate differences in the incidence
rates among subjects 80 to 84 years old and those over 85. In fact, incidence of stroke was very high
in subjects 80 to 84 years old (17.23/1,000), and only slightly higher for those over 85 (20.78/1,000).

Regarding incidence of AD at advanced age, Bradford et al. [183] reports that the true prevalence
of missed and delayed diagnoses of dementia is unknown but appears to be high, stating: “Eighteen
studies identified attitudes toward dementia as a contributor to missed diagnosis. Most frequently
cited among these were concern about the potential stigmatizing effects of diagnosis, doubts about
the usefulness or desirability of early diagnosis, and the perception of limited treatment options. Other
related issues included physician unwillingness to discuss cognitive function with patients or caregivers,
low prioritization of cognitive problems relative to physical health problems, and the avoidance of
pressure for intervention once a diagnosis has been made.” These observations support extending the
exponential trend postulated by Brookmeyer et al. [102]. Allowing AD to continue exponential rise
in perpetuity would also lead to unrealistic >100% incidence rates, and logistic regression with high
age inflection point was used, as follows below. Practically, a very small fraction of population lives to
become centenarians, and majority of them are also afflicted by multiple comorbidities, making this
rapidly dwindling with every year of age over 100 group an unrealistic target for well powered AD
GWASs.

To evaluate each LOD’s allele redistribution with age, it was necessary to approximate the yearly
incidence from much rougher-grained statistics. An R script automated the determination of the best
fit for logistic and exponential regression from the clinical incidence data. The script also calculated
lifetime incidence from our functional approximations; it closely matched the disease clinical statistics
presented in Tables A2.6 and A2.10.

The incidence approximation I(t) is represented mathematically by Equation (2.8); a, b, and
c are exponential approximation parameters, i and s are the linear regression intercept and slope,
respectively, and t is time in years.

I(t) =

aebt + c, until intersection with the line, below

i+ st, thereafter
(2.8)

A logistic approximation of the clinical data is shown in red in Figure 2.1. It is characterized by
the following equation:

I(t) =
a

1 + e(c−t)/b
+ d. (2.9)
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The incidence rate in the logistic curve slows faster than the incidence rate in the exponential
curve and also approximates the incidence rate with age. It follows a similar pattern, with an initial
exponential rise and a logistic inflection point occurring at quite advanced ages. Thus, the clinical
data and corresponding approximations show the higher representation of older people in the patient
cohorts.

age, years age, years age, years age, years

In
ci

de
nc

e 
ra

te
 %

A  (AD) B  (T2D) C  (stroke) D  (CAD)

E  (BC) F  (PC) G  (CC) H  (LC)

30 40 50 60 70 80 90 100
0

5

10

15

20

25

30 40 50 60 70 80 90 100

0.5

1

1.5

2

2.5

30 40 50 60 70 80 90100
0

0.5
1

1.5
2

2.5
3

3.5
4

30 40 50 60 70 80 90 100
0

0.5

1

1.5

2

2.5

3

3.5

30 40 50 60 70 80 90 100
0

0.1

0.2

0.3

0.4

0.5

50 60 70 80 90 100
0

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

30 40 50 60 70 80 90100

0.1

0.2

0.3

0.4

0.5

0.6

0.7

30 40 50 60 70 80 90100
0

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

age, years age, years age, years age, years

In
ci

de
nc

e 
ra

te
 %

Exponential/linear Logistic Clinical statistics

Figure 2.1: LOD clinical incidence rates and functional approximations. (A) Alzheimer’s disease, (B) type
2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G) colorectal
cancer, (H) lung cancer. Two functional approximations of clinical data: exponential followed by linear and logistic.

For all LODs, decades-long initial exponential sections were observed in the incidence curve. The
exponent conforms to a relatively narrow range of doubling the incidence rate, fitting between 5 and
8.5 years. While the absolute incidence rate differs significantly, the exponent constant multiplier a,
which is equivalent to the linear regression intercept for log(a) in the I(t) function, mainly controls
the rise, or the initial incidence onset, of the incidence rate; see Figure 2.1.

From this are found the logistic recursion inflection points at values shown in Table 2.3. The
exponential incidence rise follows with high precision up to the ages shown in the table, and the rapid
rise in the incidence rate continues past these ages.

Table 2.3: Age to which LOD incidence rate rises exponentially.

Highly prevalent LODs Cancers

AD T2D Stroke CAD Breast Prostate Colorectal Lung

Age (years) 103 55 81 79 48 62 72 70

The logistic approximation produced a good, simple fit for seven of the eight diseases. While
the logistic approximation could also have been used for breast cancer, the exponential-plus-linear
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approximation showed a better fit and was therefore preferred. The regression residuals are presented
in Table 2.4.

Table 2.4: The regression residuals of logistic and exponential recursion (sum of square errors).

AD T2D Stroke CAD Breast Prostate Colorectal Lung

Logistic 4.97· 10−3 1.48· 10−3 9.10· 10−5 1.23· 10−4 1.99· 10−4 3.43· 10−5 6.62· 10−6 5.41· 10−7

Exponential 7.76· 10−6 1.41· 10−4 1.24· 10−3 2.26· 10−4 3.54· 10−5 3.24· 10−5 1.46· 10−5 2.92· 10−6

As this paper makes extensive reference to the incidence of LODs, some of the commonly used
terms are clarified below. A lifetime incidence, also called a cumulative rate, is calculated using the
accepted method of summing the yearly incidences [184]:

Ilifetime =

tmax∑
t=0

I(t), (2.10)

For larger incidence values, the resulting sum produces an exaggerated result. It may become
larger than 1 (100%), in which case the use of an approximate clinical statistic called cumulative risk
overcomes this issue and is more meaningful. This is much like compound interest, which implicitly
assumes an exact exponential incidence progression [184]:

CumRisk = 1− e−Ilifetime . (2.11)

Cumulative risk (Equation (2.11)) is also an approximation because, in any practical setting, the
statistic is complicated by ongoing population mortality, multiple diagnoses, and other factors. In
addition, cumulative incidence and cumulative risk can be used to find values for any age of interest,
not only lifetime. When necessary in this study’s simulations, the exact diagnosis counts were used to
calculate the precise cumulative incidence for every age.

2.2.5 Sampling Based on the LOD Incidence Rate and Individual PRS

The incidence rate functional approximations for the analyzed LODs are used to find the average
number of diagnosed individuals Nd for each year of age t as a function of the incidence rate I(t) and
the remaining population unaffected by the LOD Nu(t) in question:

Nd(t) = I(t) ·Nu(t), (2.12)

In the next year of age, the unaffected population will have been reduced by the number of individuals
diagnosed in the previous year Nd(t):

Nu(t+ 1) = Nu(t)−Nd(t) = Nu(t)(1− I(t)). (2.13)

The number of individuals projected to become ill per year, as well as the remaining unaffected
population, is applied in Algorithm 1.
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For the PRS of the simulated population based on odds ratios built using [28] model, if an LOD
is characterized by low incidence within an age interval, and the odds ratio is close to 1, odds ratio
values are practically identical to hazard ratio (HR). The hazard ratio can be defined as the relative
risk (RR) of an event happening within an age interval. For example, Song et al. [185] treat OR and
RR as equivalent in the case of breast cancer in their simulation study. For higher values, an OR
usually significantly exceeds the RR. An adjustment formula by Zhang and Kai [186] can provide OR
to hazard ratio approximation.

2.2.6 Individual Values Analysis and Cohort Simulation

It can be expected that, for an LOD with higher incidence and heritability, the fraction of the highest-
PRS individuals will diminish more rapidly with age. For such LODs, the relatively-higher-PRS in-
dividuals will represent the bulk of the LOD cases at an earlier age compared to LODs with lower
incidence and heritability. The LODs are characterized by a wide range of heritability and progression
patterns of incidence rate with age. For example, T2D and breast cancer begin their incidence rise
relatively early but reach quite different levels at older age, while colon cancer and AD start later
and also reach quite different maximum incidence and cumulative incidence levels; see Figure 2.1.
In the absence of mortality, both due to general frailty and other LODs, the incidence progression
makes it appear as though, sooner or later, depending on the incidence magnitude, the majority of the
population would be diagnosed with every LOD. In reality, this does not happen because of ongoing
mortality from all causes.
Two main LOD simulation types are described next:

1. The individual values analysis of polygenic risk scores and risk allele frequency for
individuals diagnosed with a disease at each specific age and the remaining population
at this age. The abbreviation “IVA” is used interchangeably with “individual values analysis” in this
publication.

The IVA uses one-year age slices and is performed as follows. Initially, the mean and variance of
the PRS for the whole population are calculated. Next, based on the required incidence value for each
year, individuals are picked from the unaffected population by randomly sampling the population with
a probability proportionate to the individual’s PRS, as summarized in Algorithm 1. These individuals
become the cases for the relevant year’s IVA, and the mean and variance of their PRSs are also
calculated and recorded. Mortality does not need to be applied to the IVA scenario because it affects
the future cases and controls in equal numbers, and accounting for mortality would only result in
a smaller population being available for analysis. To track the GWAS statistical discovery power,
the same nine representative variants (configurable) are tracked for all LODs simulated. The process
continues in this way until the maximum desired simulation age is reached.

2. A simulated cohort study for each of these diseases. For the sake of brevity, the word
“cohort” is also used throughout this publication.

The clinical study cohort simulation performs an analysis identical to that described above. The
difference is that, here, the simulated GWAS clinical studies are performed with a patient age span
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of 10 years, which is a typical cohort age span, although any age span can be chosen as a simulation
parameter. The simulation statistics are collected using the mid-cohort age, which is the arithmetic
half-age of the cohort age span. In the first simulation year, a population equal to one-tenth of the
complete population goes through the steps described for IVA. Each year, an additional one-tenth
starts at age 0, while the previously added individuals age by one year. This continues until all 10
ages are represented. This combined cohort proceeds to age and is subject to the disease incidence
rate and mortality according to each individual’s age.

Mortality is applied, with a probability appropriate to each year of age, to both accumulated cases
and controls. As the population ages, both the case and control pool numbers diminish. Take, for
example, a cohort study that includes a 10-year span, say, between 50 and 59 years of age. The cases
for the cohort are composed of individuals who were diagnosed with an LOD at any age either younger
than or including their current age, producing a cumulative disease incidence over all preceding years
of age. For example, some of the individuals that are cases now, at age 59, may have been healthy at
age 58. Some of the controls in our cohort at the age of 51 may or may not be diagnosed at an older
age, which would qualify them as cases for this cohort, but they are currently younger and healthy.
Therefore, it can not be known with certainty the extent to which younger controls differ from cases,
except for the fact that they are not currently diagnosed—not unlike a real statistical study cohort.
As a result, the corresponding GWAS discovery power can be expected not to change as dramatically
as it does for the individual values analysis.

The following additional mortality scenarios were also simulated: (a) double mortality for cases
compared with the unaffected population, (b) no mortality for either cases or controls, and (c) a
one-year age span cohort with no mortality for either cases or controls.

The youngest age cohort for each LOD is defined as the mid-cohort age at which the cumula-
tive incidence for a cohort first reaches 0.25% of the population. For consistency, this threshold was
considered in this study as the minimum cumulative incidence age, allowing for the formation of
well-powered cohort studies for all analyzed LODs.

2.2.7 The Simulation Design Summary

Preliminary data collection and analysis steps are shared by all simulation runs and include: (a)
preparing the genetic architecture files and calculating the number of variants needed, based on each
modeled LOD heritability, as described in the “Allele distribution models” section above, and (b)
determining the parameters of functional approximation for LOD incidence from published statistics,
as described in Appendix 2.2.4.
A simulation run for a single LOD can be logically divided into the following four steps:

(1) Build the gene variants pool as outlined in the “Allele distribution models” section and load
the incidence rate functional approximation parameters.

(2) Allocate population objects and assign individual PRSs. Allocate all other simulation objects
and arrays that will be used by the simulation.
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(3) Run the simulation’s Algorithm 1 from age 0 to 100 for either the IVA or the cohort study
scenario, described in the “Individual values analysis and cohort simulation” section. Calculate and
record the simulation data in comma separated value files.

(4) Determine statistical power for cases and controls for each cohort based on the “Evaluating
GWAS statistical power” section.

The above steps were completely reinitialized and performed for each LOD analysis. The complete
simulation iterated through all eight LOD analyses in two scenarios: a per-year-of-age population IVA
and a simulated GWAS cohort study.

2.2.8 Validation Simulations

Based on the model described above, it can be expected that the allele distribution in a population
of the same age with a given initial genetic architecture will depend solely on cumulative incidence,
which represents the fraction of the population that succumbs to a disease. The purpose of valida-
tion simulation runs performed with (a) constant, (b) linear and (c) exponential incidence rates was
to validate whether or to what extent this expectation is correct and whether the outcomes would
differ between various genetic architectures. The validation simulations confirmed that PRSs for the
population controls and cases, viewed in the individual values analysis at every age, depend on the
cumulative incidence and the LOD heritability, and are independent from the incidence progression
shape within each genetic architecture. The procedures used in the validation simulations are described
in Appendix A2.6.2.

2.2.9 Data Sources, Programming, and Equipment

The population mortality statistics from the US Social Security Actuarial Life Table [187] provided
yearly death probability and survivor numbers up to 119 years of age for both men and women.

Disease incidence data from the following sources were extensively used for analysis, using the
materials referenced in Appendix A2.6.1 for corroboration: Alzheimer’s disease [102, 188–190]; type 2
diabetes [100]; coronary artery disease and cerebral stroke [101]; and cancers [103, 191].

The simulations were performed on an Intel i9-7900X CPU-based 10-core computer system with
64GB of RAM and an Intel Xeon Gold 6154 CPU-based 36-core computer system with 288GB of
RAM. The simulation is written in C++ and can be found in [173]. The simulations used population
pools of 2 billion individuals for the LOD simulations and 300 million for validation simulations,
resulting in minimal variability in the results between runs.

The cohort simulations were built sampling at least 5 million cases and 5 million controls from
the surviving portion of the initial 2 billion simulated individuals, which is equivalent to 0.25% of
the initial population. This means that the cohort study would begin its analysis only when this
cumulative incidence was reached. Conversely, the analysis would cease when, due to mortality, the
number of available cases or controls declined below this threshold. For all LODs, this maximum mid-
cohort age was at least 100 years and, depending on LOD, up to a few years higher. This confirms
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that, as described later in the Discussion section, in cohorts composed of younger cases and older
controls it is feasible to form control cohorts up to 100 years of age.

The simulation runs for either all validation scenarios or for a single scenario for all eight LODs
took between 12 and 24 hours to complete. The final simulation data, additional plots and elucidation,
source code, and the Windows executable are available in [173]. Intel Parallel Studio XE was used for
multi-threading support and Boost C++ library for faster statistical functions; the executable may be
built and can function without these two libraries, with a corresponding slowdown in execution. The
ongoing simulation results were saved in comma separated files and further processed with R scripts
during subsequent analysis, also available in [173].

2.2.10 Statistical Analysis

Large variations between simulation runs complicate the analysis of population and genome models.
This issue was addressed in this study by using a large test population, resulting in negligible variability
between runs. The statistical power estimates deviated less than 1% in a two-sigma (95%) confidence
interval, except for the early Alzheimer’s disease cohort, which commenced at 1.5% and fell below the
1% threshold within 4 years (see *TwoSDFraction.csv files in [173]). In addition to ensuring that the
simulations operated with reliable data, this eliminated the need for the confidence intervals in the
graphical display.

2.3 Results

2.3.1 Validation Simulations for All Genetic Architectures

The validation simulations for all scenarios described in Methods Table 2.1 were performed not as
models of specific diseases but to determine the behavior of all allele scenarios and the resulting allele
frequency changes under simple controlled and comparable-to-each-other incidence scenarios. It was
important to characterize all genetic architectures and to identify the differences and similarities in
behavior between them.

These simulations confirmed that a change in the population’s mean PRS and a change in the
cases’ mean PRS, viewed as instantaneous values for each age, are dependent on the cumulative
incidence and the magnitude of the initial genetic model heritability. If mortality is excluded, they are
not dependent on the shape of incidence progression with age (see Figure A2.7) and are qualitatively
similar between the genetic architectures (see Figure A2.8). This means that, when the same level of
cumulative incidence is reached with any incidence pattern, the allele distribution for the diagnosed
cases and the remaining unaffected population is identical.

2.3.2 Analysis of Common, Low-Effect-Size Genetic Architecture Scenario

The simulation results for the eight analyzed LODs are presented next.
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Figure 2.2: Polygenic risk scores of individuals diagnosed with an LOD as a function of age. (A)
Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F)
prostate cancer, (G) colorectal cancer, (H) lung cancer.
Scatter plots show the distributions of PRS for cases diagnosed as age progresses, with ongoing mortality, visually implies
the underlying heritability and incidence magnitudes. If the regression line can be easily drawn, dropping diagonally
as age progresses, there is a combination of high heritability and increasing cumulative incidence. Otherwise, a plot
appears as a relatively symmetrical blob.

The IVA and cohort simulations were performed for all genetic architecture scenarios, from low to
high effect sizes, and common to low allele frequencies, and the results were found to be qualitatively
consistent between all these scenarios. As a consequence, this report primarily focuses on the common
low-effect-size genetic architecture scenario A, which the latest scientific consensus considers to be
the genetic architecture behind the majority of polygenic LODs; the results are virtually identical for
scenarios B and C, as validated in Figure A2.8, making it unnecessary to present separate figures for
these two scenarios.

The scatter plots in Figure 2.2 show the distributions of PRS for cases diagnosed as age progresses
for the common, low-effect-size genetic architecture scenario A. The PRSs of individuals diagnosed
with an LOD and the age-related change of the average LOD PRS of the unaffected population are
demonstrated in Figure 2.3. The color bands show a one standard deviation spread for cases and
controls, which, in the case of newly diagnosed cases, represents approximately two-thirds of the
diagnoses at each age. This figure demonstrates how the initially high average polygenic risk of newly
diagnosed cases declines as the most predisposed individuals are diagnosed with each passing year of
age. The average PRS of the unaffected population decreases much more slowly.
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Figure 2.3: Polygenic risk score difference between newly diagnosed individuals and the remaining
unaffected population. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery
disease, (E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer. SD band is a band of one
standard deviation above and below the cases and the unaffected population of the same age. For highly prevalent
LODs, at very old age, the mean polygenic risk of new cases crosses below the risk of an average healthy person at early
onset age. (Common low-effect-size alleles (scenario A), showing largest-effect variant with MAF = 0.5, OR = 1.15).
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Figure 2.4: Allele frequency difference between newly diagnosed individuals and remaining population
of the same age. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease,
(E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer. The MAF cases minus controls
value is used to determine GWAS statistical power; see Equation (2.6). Rarer and lower-effect-size (OR) alleles are
characterized by a lower MAF relative change, see also Figure A2.11. (Displayed here: 9 out of 25 SNPs, which are
described in Methods for common low-effect-size alleles - scenario A).
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Figure 2.5: Change in number of cases needed to achieve 80% discovery power in age-matched cases
and controls cohort design. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery
disease, (E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer.
Age-matched cohorts require larger numbers of participants to achieve the same GWAS discovery power compared to
the youngest cohort age. There is a noticeable difference between cancers (with the exception of prostate cancer; see
the Discussion section) and other LODs. (Displayed here: 6 out of 25 SNPs, which are described in the Methods section
for common, low-effect-size alleles scenario A).

At advanced old age, the average polygenic risk of the newly diagnosed is lower than the risk for
an average individual in the population at a young age; this is true for all four highly prevalent LODs:
AD, T2D, CAD, and stroke.

This phenomenon is a consequence of the effect allele frequency change, in which the highest-effect
alleles show the greatest difference between the diagnosed and the remaining unaffected population
as well as the fastest change in frequency difference with age. Statistically, individuals possessing
the higher-risk alleles are more likely to succumb and to be diagnosed earlier, thus removing the
allele-representative individuals from the unaffected population pool; see Figure 2.4. These plots show
the most dramatic change for AD and T2D—the LODs with the highest cumulative incidence and
heritability. The smallest change corresponds to the LOD with the lowest incidence and heritability:
lung cancer.

It is important to note that the absolute MAF values for cases diagnosed at a particular age and
controls do not change much with age progression for all LODs. For example, for T2D, the allele
frequency for the allele with an OR of 1.15 and an initial population MAF of 0.2860 is 0.2860 for
controls and 0.3088 for cases at the age of 25. This changes to 0.2789 for controls and 0.2871 for cases
at the age of 80 in the IVA case—-a change of only a few percentage points. At the same time, the
relative differences change correspondingly from 0.0228 to 0.0081, a 2.7 times change, which is very
significant for GWAS discovery power, as can be seen in Equation (2.6). The absolute MAF change
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is even less prominent in the cohort scenario, as can be seen in Figure A2.21, which shows the same
allele. The small change in the absolute value for older age groups makes it difficult to analyze this
effect using, for example, GWAS SNP database statistics for different age groups. The effect would be
hidden behind interpersonal and populational genetic variability in hundreds and thousands of SNPs,
changing their balance slightly with age in the case of the common, low-effect-size genetic scenario.
This effect is long established for highly detrimental variants such as the BRCA1/2 gene mutations
in the case of breast cancer [191] and the APOEe4 allele in the case of AD [192], where these gene
variant carriers are known to be present in lower numbers among older undiagnosed individuals.

The cohort simulation shows a much more averaged change for these same scenarios because cohorts
represent accumulative disease diagnoses from earlier ages, while mortality removes older individuals;
see Figure A2.11. While the MAF difference between cases and controls shown in the above figures
is illustrative by itself, it is most important for determining the GWAS statistical discovery power
using Equation (2.6) and Equation (2.7) and from there the number of cases necessary to achieve
0.8 (80%) statistical power. From these equations, it is apparent that GWAS statistical discovery
power diminishes as a complex function of a square of case/control allele frequency difference [178].
The age-related change in the number of cases needed to achieve 80% GWAS discovery power for an
age-matched case/control cohort study is presented in Figure 2.5.

In the hypothetical IVA case, the number of individuals required to achieve the desired GWAS
discovery power increases rapidly; see Figure A2.12. This is a quite informative instantaneous value
of statistical power; however, neither GWASs nor clinical studies ever consist of individuals of the
same age, due to the need to have a large number of individuals to maximize this same statistical
power. The cohort scenario is correspondingly less extreme, as seen in Figure 2.5. These plots show an
increase in the number of participants needed to achieve adequate GWAS statistical power between
the lowest effect and frequency and the highest effect and frequency alleles; this number exhibits a
greater-than-hundredfold variation between alleles within the genetic architecture.

The required number of cohort participants is quite similar for the same effect alleles among all
eight LODs; for example, the highest-effect allele for each LOD requires 2· 104–1.2· 105 cases for 80%
GWAS discovery power at younger ages. The change in allele frequency with age between cases and
controls shows substantial variation among LODs, with the greatest change occurring in AD and the
least significant in lung cancer; see Figure 2.4. Figure 2.6 summarizes the multiplier—the required
increase in the number of participants as the cohort is aging—compared to the youngest possible
cohort age for the eight analyzed LODs. These cohort results are simulated with identical mortality
for cases and controls. Mortality has an impact on the cohort allele distribution.

The cohort size multiples in Figure 2.6 and the cohort sizes required for 80% GWASs discovery
power in Figure 2.5 somewhat diminish after approximately 90 years of age for AD, T2D, stroke and
CAD. This is a consequence of the allele frequency difference between the new cases and controls,
which actually diminish at these ages, as demonstrated in Figure A2.20. It happens around the age
when, due to increasing cumulative incidence of these LODs, the average new cases of PRS begin to
approach the level of the average initial population PRS, near the bulk of the population distribution.
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The cases are sampled with the highest probability from the largest pool of the close to average initial
PRSs, while the controls are a random sample from the presently undiagnosed population, including
the extreme low risk outliers, which results in the observed pattern.
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Figure 2.6: Relative increase in number of cases needed for 80% discovery power in a cohort study
using progressively older age matched case and control cohorts. The youngest age cohort for each LOD is
defined as the mid-cohort age at which the cumulative incidence for a cohort first reaches 0.25% of the population.
Therefore, the leftmost point on each LOD line is the reference (youngest) cohort, and as cohorts age, the cohort case
number multiple required to achieve 0.8 statistical power is relative to this earliest cohort. While all alleles display a
different magnitude of cases needed to achieve the required statistical power, the change in the multiplier with age is
almost identical for all alleles within a given genetic architecture scenario. (Common low-effect-size alleles scenario A.)

Table 2.5 combines the heritability and incidence of the LODs with the summarized simulation
results from the cohort simulation, also seen in Figure 2.5 and Figure A2.10.

Table 2.5: LOD statistics and age-matched cohort simulation summary.

Highly prevalent LODs Cancers

Disease AD T2D Stroke CAD Breast Prostate Colorectal Lung

Lifetime risk % 10–20 55 25–30 32–49 12 12 <4.5 <6.9
Heritability % 79–80 69 38–44 50–60 31 57(42) 40 8–18
Maximum yearly incidence % >10 2.5 4.4 3.6 <0.5 <0.8 <0.6 <0.6

∆MAF between cases and controls:
Youngest cohort 0.020 0.026 0.034 0.032 0.034 0.031 0.034 0.035
At age 80 years 0.015 0.018 0.028 0.023 0.032 0.024 0.031 0.035
At age 100 years 0.014 0.019 0.028 0.023 0.032 0.023 0.029 0.036

Multiple cases needed:
Youngest to 80 years 1.9 2.1 1.5 1.8 1.15 1.6(1.35) 1.25 1.0
Youngest to 100 years 2.1 2.0 1.4 1.9 1.19 1.80(1.44) 1.36 0.92

The MAF values and cases needed for 0.8 (80%) GWAS statistical discovery power are for the common, low-effect-size
alleles, scenario A. Cohorts span 10 years. The results shown are for the allele with a MAF of 0.5 and an OR of 1.15,
the largest effect allele, which requires the smallest number of cases/controls. “Maximum incidence %” is the largest
incidence at older age. “Case mult.” is the multiple of the number of cases needed for the 80-year-old cohort to achieve
the same statistical power as the early cohort. Prostate cancer heritability is 57%, according to Hjelmborg et al. [106].
Shown in braces, 42% heritability [118], which is more in line with the other three cancers.
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2.3.3 Validating More Extreme Mortality Scenarios

More extreme mortality scenarios—both lower and higher—than one could expect in a real cohort
study were validated in this set of simulations. The results were relatively close to those presented
for equal case/control mortality. The extreme cases of (a) no mortality for either cases or controls
and (b) double the mortality of cases compared to controls produce very similar allele distributions
before the age of 85, while diverging somewhat at older ages. The scenario in which the mortality of
cases is double that of controls is higher than the clinically known mortality for the analyzed LODs.
While this may have been a realistic scenario a century ago, before modern healthcare, it is certain
that patient mortality is lower these days. In addition, a one-year cohort without mortality was used
as the most extreme validation case. This scenario can also be considered an individual cumulative
case, which counts everyone who became ill by a specified age as cases and everyone healthy at that
age as controls. These validation cohort scenarios are summarized in Figure A2.13.

The mortality analysis was applied to one LOD at a time. This research did not attempt to
estimate increased mortality for multiple disease diagnoses. Collerton et al. [193] followed a cohort of
individuals over the age of 85 in Newcastle, England, and found that, out of the 18 common old-age
diseases they tracked, a man was on average diagnosed with four and a woman with five, not to
mention a plethora of other less common diseases and their causal share in individual mortality.

2.3.4 Evaluating Rare, Medium-Effect-Size Genetic Architecture Scenario

Other genetic architecture scenarios produce qualitatively similar patterns, specifically differing in the
number of cases needed to achieve 80% statistical power for medium- and large-effect genetic architec-
ture scenarios. The rare, medium-effect-size allele (scenario D) results are presented in Figure A2.14,
A2.15, A2.16, and A2.17. There, at younger ages, the MAF difference between cases and controls is
larger for rare, medium-effect-size alleles. The number of cases and controls needed to achieve 80%
GWAS statistical power for all eight LODs is approximately five times lower, a direct consequence of
these variants’ larger effect sizes. This result perhaps excludes the scenario of rare, medium-effect-size
alleles being causally associated with the LODs reviewed here, because GWAS studies would be more
readily able to discover a large number of causal SNPs. From a qualitative perspective, all reviewed
genetic architecture scenarios provide similar patterns of increasing numbers of cohort study cases
needed to maintain the same discovery power with age progression.

2.4 Discussion

Performing a comprehensive set of validation simulations enabled the determination and generalization
of the change in allele distribution with an increase in cumulative incidence for all genetic architectures
described in the Methods section. The simulation results show that, for all genetic architectures, the
change in the PRS depends on the cumulative incidence and the magnitude of heritability. When the
same level of cumulative incidence is reached, the difference in allele distribution between diagnosed
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cases and the remaining unaffected population is identical. It therefore depends on the value of the
cumulative incidence, and not on the incidence pattern that led to the achievement of a particular
cumulative incidence value in the validation scenarios.

Next, the simulations were performed using the incidence rate patterns and model genetic architec-
tures of each analyzed LOD, determining changes in the allele distribution with age and the resulting
impact on GWAS discovery power. These results compared well with the findings from clinical, GWAS,
and familial heritability studies, which are summarized below.

There are numerous reports of heritability, clinical predictive power, and GWAS discovery power
diminishing with age for these LODs. Almgren et al. [108] observed T2D heritability equal to 0.69
for the 35–60 year age-of-onset group, and negligible heritability for older ages. GWASs [109, 110]
segregating T2D risk SNPs by age have found that the risk factor values are higher for those under the
age of 50, compared to the older cohorts. Regarding the variant types that are most likely associated
with T2D, Fuchsberger et al. [194] found that, with a high degree of certainty, they were able to
attribute T2D liability to common variants rather than rare, high-effect variants. A cardiovascular
disease (myocardial infarction) study by Nielsen et al. [111] found the predictive power of parental
history to decline for ages older than 50. Schulz et al. [112] found familial history to be the best
predictor of ischemic stroke for individuals under the age of 60. A review based on Framingham’s
study [113] found the parental predictive power of stroke to diminish for those aged over 65. The
heritability of Alzheimer’s disease has been estimated at 80% from twin studies [114]; Gatz et al.
[115] found heritability to be 79% at approximately 65 years of age, diminishing with increasing age.
GWASs [114, 116, 117] have come to similar conclusions. In summary, the predictive power of familial
history for the above LODs is greatest for younger ages, specifically <65 years of age for AD, <50 for
CAD, <60 for stroke, and <50 for T2D.

For the above LODs, the simulation results show high PRSs for the earliest-diagnosed cases. The
risk allele case/control difference and the PRSs of newly diagnosed cases decrease rapidly with age
progression. At a very old age, the individuals whose genotype would be considered low risk at an
earlier age are the ones diagnosed with the disease; see Figure 2.3. This also reinforces the validity of
the clinical observation that the major risk factor for LODs is age itself.

The four cancers display a noticeably different pattern than the LODs described above. The PRSs
for the earliest-onset cases are lower than those for the above LODs, and this risk changes much
less with age than for the above LODs. These results reflect the observations of familial heritability
studies: for three out of the four most prevalent cancers, twin studies have shown relatively constant
heritability with age progression [105, 118–120]. Determining the change in lung cancer heritability
with age has proven somewhat more elusive [121], and no definitive conclusions have been published,
largely due to the generally low documented heritability and substantial environmental component of
this disease.

Prostate cancer is the only cancer that is somewhat controversial. Its heritability is reported at
57% by Hjelmborg et al. [106], and prostate cancer reaches the highest maximum instance rate of the
four most prevalent cancers reviewed. Therefore, according to the above observations and the results
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of the validation simulations, the relative MAF between cases and controls is likely to be higher than
for other cancers. Nevertheless, the same article finds that the heritability of prostate cancer remains
stable with age. It may be that this twin study result is somehow biased and that the heritability
of prostate cancer is lower than stated in Hjelmborg et al. [106], or perhaps this is a phenomenon
specific to the populations or environmental effects of Nordic countries. Perhaps the earlier familial
study [118], which estimated heritability at 42%, would be closer to the UK population incidence data
used here. The verification simulation using a heritability of 42% produced results that matched more
closely the patterns exhibited by the other cancers; see the resulting value shown in parentheses for
the case multiple in Table 2.5. A more exhaustive literature investigation of the reviewed LODs is
presented in Appendix A2.6.1.

GWASs’ statistical discovery power is impaired by the change in individual distribution of the
PRS at older ages. A larger number of cases and controls is needed at older ages to achieve the same
statistical discovery power. The first four LODs, which exhibit higher heritability and cumulative
incidence compared to cancers, require an increased number of participants in case/control studies for
older ages. The cancers show a small increase in the number of participants required to achieve the
same statistical power.

Individual values analysis, in which the individuals diagnosed each year are compared to all re-
maining healthy individuals, shows a rapid increase in the number of cases hypothetically needed to
achieve the same statistical power, but this scenario would be impractical for a clinical study. The
age-matched cohort studies benefit from the fact that the diagnosed individuals are accumulated from
the youngest onset to the age of becoming a case in the cohort study, as well as being averaged over
the cohort age range, resulting in a more moderate increase in the number of participants required,
or a slower decline in GWAS discovery power for older cohorts. Age-matched cohort studies would
require 1.5–2.1 times more participants at age 80 compared to the youngest possible age-matched
cohorts in the case of stroke, CAD, AD, and T2D.

2.5 Conclusions

This research was conducted with the goal of establishing whether any of the observational phenomena,
including decreasing heritability with age for some notable LODs and the limited success of LOD
GWAS discovery, can be explained by changes in the allele proportions between cases and controls
due to the higher odds of more-susceptible individuals being diagnosed at an earlier age.

The simulation results reported above show that these phenomena can indeed be explained and
predicted by the heritability of the LODs and their cumulative incidence progression. By simulating
population age progression under the assumption of relative disease liability remaining proportionate
to individual polygenic risk, it was confirmed that individuals with higher risk scores will become ill and
be diagnosed proportionately earlier, bringing about a change in the distribution of risk alleles between
new cases and the as-yet-unaffected population in every subsequent year of age. With advancing age,
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the mean polygenic risk of the aging population declines. The fraction of highest-risk individuals
diminishes even faster.

While the number of most-susceptible individuals and the mean population susceptibility both
decline, the incidence of all LODs initially grows exponentially, doubling in incidence every 5 to 8.5
years (see the Methods section) and remains high at older ages, leading to a high cumulative incidence
for some LODs. The increasing incidence rate in the face of declining polygenic risk for the as-yet-
unaffected population can be explained as a consequence of the aging process, which itself is the major
risk factor for LODs. In old age, people who have low genetic or familial susceptibility are increasingly
becoming ill with an LOD.

Four of the most prevalent LODs—Alzheimer’s disease, coronary artery disease, cerebral stroke,
and type 2 diabetes—exhibit both a high cumulative incidence at older age and high heritability.
These simulation results show that a GWAS of any polygenic LOD that displays both high cumulative
incidence at older age and high initial familial heritability will be affected by diminishing discovery
power when using progressively older age matched cohorts. LODs with low cumulative incidence and
low familial heritability produce smaller changes in the allele distribution between affected individuals
and the remaining population, resulting in these GWASs being less affected by the increasing age of
the participant cohorts, which also concurs with the reports of three most-prevalent cancers showing
relatively stable with advancing age familial heritability.
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A2.6 Appendix: Supplementary Chapters and Figures

A2.6.1 LOD Heritability Patterns with Age Based on Familial and Clinical
Studies and Genome-Wide Association Studies (GWAS)

The notion that the heritability of LODs always decreases with age is not entirely correct. A review of
the clinical and familial studies and GWAS on the heritability of polygenic LODs within the typical
age range of disease onset leads to a grouping of LODs into two broad categories: those with decreasing
heritability with age and those with increasing or relatively constant heritability with age.

Next, these categories are reviewed in detail, focusing primarily on the eight highly prevalent
LODs analyzed in our simulations. These categories are used to organize the observational knowledge
to enable the application of this knowledge to the main article’s simulations and the verification of
the simulation results.

A2.6.1.1 LODs with Decreasing Heritability with Age

There is a large number of highly environmentally affected LODs that exhibit decreasing
heritability with age . Three of these diseases carry some of the highest lifetime risk: coronary
artery disease, cerebral stroke, and type 2 diabetes; see Table A2.6, summarized from Wienke et al.
[195], Zdravkovic et al. [196], Devan et al. [197] and Aparicio and Seshadri [198].

Table A2.6: Population statistics of LODs characterized by decreasing heritability with age.

Alzheimer’s CAD Stroke T2D

Lifetime risk, USA (%) 10m, 20w 49m, 32w 25m, 30w 55
Mortality assigned, USA (%) 4.2 23.1 5.2 2.9
Heritability (%) 79 50–60 38–44 69
Best predictability, age <65 <55 <60 <50

Lifetime risk numbers, when marked, “w” for women, “m” for men.

Falconer [144] noted that “the increase of incidence associated with a variable age of onset can be
due to either an increase of the mean liability or an increase of the variance of liability. Consideration
of the changes of liability that individuals may undergo as they grow older shows that an increase of
variance with increasing age is to be expected, and since the additional variance is likely to be mainly
environmental, a reduction of the heritability is to be expected.” Falconer further pointed out that “the
heritability of liability to diabetes, estimated from the sib correlation, decreases with increasing age.
For people under 10, heritability is about 70 or 80%, and it drops to about 30 or 40% in people aged
50 and over. The decrease of the heritability is attributable to an increase of environmentally caused
variation. The increased environmental variation is not enough to account in full for the increasing
incidence, so there is probably also an increase of the mean liability with increasing age.”
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In the 1960s, the distinction between autoimmune Mendelian type 1 diabetes and late-onset poly-
genic type 2 diabetes (T2D) was not known, but it was suspected that there may be two distinct
mechanisms. However, this conclusion—of an increase in liability with age, and accordingly blurred
heritability—is observed for T2D as well as other LODs.

The greatest heritability for T2D is observed in the 35–60 (0.69) year age of onset group, [108] and
heritability declines to only 0.31 when the upper age limit is increased to 75 (making the age range
35–75). In the over-60 group, the “environmental” component is the primary cause of new T2D cases.
The environmental component in this case includes systemic and tissue-specific deterioration with age
and the cumulative external environmental effects with increased time duration. Just as Falconer did
60 years earlier, this study concludes that T2D heritability decreases with age and that liability may
be more accurately predicted in younger individuals.

One review [199] cites two studies that corroborate this view. The first concluded that recalculating
the genetic risk for T2D by splitting a cohort by age below and above 50 years using 40 T2D risk
SNPs finds that the risk factor values are higher in the younger group [109]. Meanwhile, Almgren
et al. [108] correlated the heritability and familiality of T2D with quantitative traits and found a very
significant drop in heritability over the age of 60.

The conclusion is that, for reliable GWASs, younger is better: T2D patients under the age of 60—
or, even better, under the age of 50—should be chosen. Regarding the variant types that are most
likely associated with T2D, Fuchsberger et al. [194] found that they were able, with a high degree of
certainty, to attribute T2D liability to common variants rather than rare, high-effect variants.

Nielsen et al. [111] cardiovascular disease (myocardial infarction) study provides implicit confirma-
tion of decreasing heritability with age. The predictive power of parental history is as follows: paternal
relative risk (RR) = 3.30 for ages <50 and 1.83 for ages >50; maternal RR = 3.23 for ages <50 and
2.31 for ages >50.

Schulz et al. [112] found familial history to be the best predictor of ischemic stroke for individuals
under the age of 60, with an overall odds ratio (OR) of 1.73. Relative OR, compared to the under-60
cohort, was 0.95 for the 60–70 age band and 0.77 for individuals over the age of 75.

A review based on Framingham’s study [113] supplies very useful information about parental
history of stroke. Even though the grouping used on the parental side is stroke under 65, on the
descendant side, there are statistics showing RR both below and above the age of 65. For descendants
whose parents had a stroke before the age of 65, the stroke RR was determined. Overall, the RR was
3.79 under the age of 65 and 2.21 over the age of 65; the HR for ischemic stroke was 5.45 under the
age of 65 and 2.47 over the age of 65. Additional implicit information from this data, which supports
the same conclusion, is listed in Allport et al. [200]

The heritability patterns for these diseases are summarized in Table A2.8. There is qualitative and,
increasingly, quantitative knowledge about the progressively declining heritability of these diseases at
ages above 50, as well as the decreasing associated familial and GWAS predictive power; see Nielsen
et al. [111], Schulz et al. [112], Seshadri et al. [113], Bevan et al. [201], Devan et al. [197] and Fuchsberger
et al. [194] These studies found familial history to be the better predictor of next-generation disease
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only when the participants in the parental generation are relatively young; see de Miguel-Yanes et al.
[109], Talmud et al. [199], Almgren et al. [108] and Table A2.6.

An environmental effect on the heritability of cardiovascular disease and T2D with age is evident,
[144, 202] including influences such as spousal environment [203].

In addition, T2D is a major co-morbidity factor for CAD and cerebral stroke, as well as causally
correlated adiposity and hypertension, which are by themselves associated with CAD and cerebral
stroke and other LODs. In the presence of T2D, these diseases develop years and even decades earlier
than the typical onset ages [100]. For instance, twin studies on the heritability of BMI (a co-morbidity
often preceding T2D) show the highest heritability of 85% at 18 years of age, after which heritability
slowly declines throughout the lifespan [204].

It must be noted that the majority of diseases are influenced to various degrees by environ-
mental factors. The three diseases just reviewed show incomparably higher environmental influence
than Alzheimer’s disease (AD). For AD, neither lifestyle nor painstakingly developed medications can
markedly influence the progression of the disease. In contrast, CAD, cerebral stroke and T2D are
often considered by the medical community to be primarily influenced by lifestyle and environment
[100, 205–207].

In conclusion, the highly prevalent LODs exhibiting high environmental correlation with onset ages
also show decreasing heritability with age. This is combined with an exponential increase in incidence
with age. In the case of CAD and cerebral stroke, the exponential incidence rate increase proceeds
beyond 80 years of age.

Another type of LOD showing heritability that declines with age can be described as a mode of
failure with aging. Alzheimer’s disease begins relatively late, but from there, its incidence rises expo-
nentially to extremely old age [102]. The heritability of Alzheimer’s disease is estimated at 80% from
twin studies [114]; both familial studies and GWAS estimate heritability at 79% Gatz et al. [115] at
approximately 65 years of age, diminishing with increasing age. Naj and Schellenberg [114], Tan et al.
[116], Shen and Jia [117]

A clinical study documenting the association between the APOE genotype and Alzheimer’s disease
[192, 208] reports the change in odds ratio with age of APOE e4/e4 and APOE e3/e4 carriers, which
is summarized for the Caucasian population in Table A2.7.

Table A2.7: Alzheimer’s disease odds ratio by age and APOE alleles, relative to e3/e3 allele carriers.

Age, years 55 60 65 70 75 80 85 90

APOE e4/e4, OR 14.1 15.0 14.3 12.1 9.5 6.1 3.7 2.0
APOE e4/e3, OR 3.5 3.7 3.8 3.6 3.3 2.7 2.3 1.7

Values summarized from Farrer et al. [192].

Another review [114] concludes that the typical age at onset is 68.8 years for APOE e4/e4 carriers,
75.5 years for e3/e4 carriers, and 84.3 years for carriers without e4. Moreover, the APOEe4 effect is
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age dependent, giving a broad-stroke assessment that the e4 allele effect is most prominent between
the ages of 60 and 79 and gradually diminishes after the age of 80. This fits well with the assessment
[192] summarized in Table A2.7.

Table A2.8 summarizes the information in the literature about the decreasing heritability of the
LODs referenced above.

Table A2.8: Heritability and risk statistics for LODs exhibiting decreasing heritability with age.

Disease Heritability/risk, younger age Heritability/risk, older age

AD APOE e3/e4 [192] OR=3.8, 65y OR=1.7, 90y
AD APOE e4/e4 [192] OR=15.0, 60y OR=2.0, 90y
CAD paternal [111] RR=3.30, < 50y RR=1.83, > 50y
CAD maternal [111] RR=3.23, < 50y RR=2.31, > 50y
Stroke [112] OR=1.63, < 60y OR=0.77, > 70y
Stroke all [113] RR=3.79, < 65y RR=2.21, > 65y
Stroke ischemic [113] RR=5.45, < 65y RR=2.47, > 65y
T2D [108] h2 = 0.69, 35-60y h2 = 0.31, 35-75y

OR = odds ratio; RR = relative risk; h2 = heritability

The model presented by Brookmeyer et al. [102] hypothesized that, if the AD incidence curve could
be delayed by five years, the overall prevalence of AD would be half the projected rate, assuming
unchanged mortality from other causes. AD prevalence in this study is limited by applying a 1.4
mortality multiplier to AD patients compared with the unaffected population.

While AD progression is difficult to influence with lifestyle changes or medications, AD incidence
at comparable ages has decreased by about 30% since the 1980s in many Western countries [209, 210]
due to undetermined causes. As life expectancy increases, AD lifetime incidence and prevalence are
expected to regain ground.

In conclusion, AD shows an exponentially increasing incidence rate up to the most advanced ages,
while also displaying heritability that declines with age.

A2.6.1.2 LODs Exhibiting Stable Heritability with Age

LODs with relatively constant heritability with age and infrequent types of LODs with increasing
heritability with age are grouped in this category. As found in the reviewed literature, the increase in
heritability, when observed, is moderate. The diseases showing slightly increasing heritability with age
are found to be those affecting the skeletal system, for instance, osteoarthritis, particularly of large
joints such as the hip or lower back. One study [211] shows that both the incidence and heritability
of advanced osteoarthritis of the hip and lower back increase with age.

It is evident that younger cases are more environmentally and less genetically correlated. For
example, osteoarthritis at a younger age is often due to trauma rather than genetics [212, 213]. At the
age of 60, the influence of genetic and environmental components is roughly equivalent, and by the
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age of 70, heritability increases to 75% and stays close to this level into the 90s. Heritability is even
higher and increases with advanced age for osteoarthritis of the spine at multiple locations [214].

The increase in heritability for these diseases is seen to be relatively modest and extends from an
initially high level. Many osteoarthritis-affected structures and corresponding diagnoses, with different
ages of maximum incidence and heritability by sex and age, do not follow this pattern [215].

The osteoporosis findings are similarly varied, with studies finding no heritability of pathology for
some bone structures and strong heritability for others [216]. Specifically, the osteoporosis associated
with bone breaks is very heritable and shows a slight increase in heritability into older age [217]. This
is explicable by the fact that, for osteoporosis, the main risk component—the shape and size of the
bone—is strongly heritable. Genetics in this case determines the early developmental stages of an
organism, when the structures take shape. Similar reasoning applies to osteoarthritis, which is related
to defects in collagen and connective tissue formation. The malignancy occurs after many decades of
life, when wear, deterioration and diminishing repair capacity cross the threshold leading to pathology.

In conclusion, some LODs with their roots in the early development of an organism’s structures may
display strong heritability late in life and even increasing diagnostic heritability as aging progresses.
GWAS has found only a small set of SNPs that provides very limited risk prediction for these diseases
[213, 218]. Apparently, the research cannot be impeded by the increasing heritability with age of the
GWAS cohorts.

Relatively stable heritability with advancing age is a distinguishing feature of cancers. Accurate in-
formation about heritability at different ages is not sufficiently explored for most cancers. Fortunately,
during this decade, a number of studies have shed light on the age-related heritability of three out of
the four most prevalent cancers, and these data allow us to extrapolate the expectations to the fourth:
lung cancer.

The lifetime risk of developing any type of cancer in the US is 38% for women and 40% for
men, [107] and the 2016 fraction of mortality directly attributed to cancer was 21.8%, the second-
highest after heart disease [156]. In the UK, the corresponding numbers are higher, at 47% and
53%, respectively, [103, 219] with the higher likelihood perhaps attributable to the UK’s longer life
expectancy. Each specific type of cancer constitutes a small fraction of overall lifetime risk, with breast,
prostate, lung, and colorectal cancer being the four most prevalent.

Next, the latest heritability and incidence research for these four cancers is summarized.

Breast cancer (BC) Breast cancer (BC) is well researched, with studies delving into all aspects
of BC. Like prostate cancer, the two largest genetic predictors of BC are mutations in the BRCA1 and
BRCA2 genes. The BRCA1/2 genes are involved in the homologous repair of double-stranded DNA
breaks, working in combination with at least 13 known tumor suppressor proteins [104]. Defects in the
BRCA1/2 proteins disable homologous double-stranded DNA break repair, and the cell falls back on
the use of imprecise non-homologous repair mechanisms; this leads to the accumulation of mutations,
eventually leading to cancer. BRCA1/2 mutations are the most important predictor of breast cancer.
The review by Haley [104] states that the frequency of BRCA mutations varies with geographic
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location and ethnicity, ranging from a 0.02% mutation carrier rate in some populations to 2.6% in the
Ashkenazi Jewish population due to ancient founder mutations. Other founder mutations have been
reported in the Dutch, Swedish, French Canadian, Icelandic, German, and Spanish populations. In
Ontario, Canada, for instance, the frequency of mutation carriers is 0.32% for BRCA1 and 0.69% for
BRCA2 [122].

An early study [220] analyzing families with at least four cases of BC found that the disease was
linked to BRCA1 in 52% of cases and BRCA2 in 32% of cases (with only 16% remaining for other
causes). Taking into account ovarian cancer in addition to BC resulted in 81% of cases being due to
BRCA1, while 76% of cases in families with both male and female BC were due to BRCA2.

The lifetime risk of BC for women both in the US and the UK is 12% [103, 107]. As Haley
[104] summarized, carriers of BRCA1 have a lifetime risk of developing BC equal to 60–70%, and
an additional 40% risk of developing ovarian, fallopian, or primary peritoneal cancers. For BRCA2
carriers, the risks are 45–55% for BC and 25% for ovarian cancer. These numbers closely correspond
to the aforementioned study [220].

Möller et al. [105] presented in-depth data on the heritability by age of breast and ovarian cancer
for BRCA1/2 carriers. The study demonstrated that the genetic liability, while exhibiting a slight
downward trend, remains relatively constant and exceeds the common environmental component at
all ages.

One of the most recent studies [191] provides further clarification, stating that BC incidences
increase rapidly in early adulthood until the ages of 30 to 40 for BRCA1 carriers and until the ages
of 40 to 50 for BRCA2 carriers, thereafter remaining at a relatively constant incidence rate of 2–3%
per year until at least 80 years of age; see Table A2.9. This study’s calculations based on this data
show that the initial increase in incidence is exponential before flattening into the constant horizontal
incidence rate approximation; a logistic approximation also fits. The exponential doubling rate, until
it reaches the constant incidence level, is also consistent with all other diseases reviewed, showing an
incidence doubling time of five years for BRCA1 and eight years for BRCA2 (the BRCA1 calculation,
based only on two data points, is less accurate). A much earlier review study [221] collected the same
kind of statistics as Kuchenbaecker et al. [191] and arrived at similar conclusions.

Table A2.9: BRCA1/2 carriers incidence rate by age.

Gene ≤20 21–30 31–40 41–50 51–60 61–70 71–80

BRCA1 (%) 0 0.59 2.35 2.83 2.57 2.50 1.65
BRCA2 (%) 0 0.48 1.08 2.75 3.06 2.29 2.19
BRCA1 cum. risk (%) 0 4 24 43 56 66 72
BRCA2 cum. risk (%) 0 4 13 35 53 61 69

Data from Kuchenbaecker et al. [191].

Möller et al. [105] study found a somewhat lower lifetime BC risk of 8.1% in Nordic countries
compared to 12% in the US and estimated heritability at 31%.
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In addition to BRCA1/2, Mavaddat et al. [222] and Haley [104] also list a number of high-
penetrance gene mutations—the TP53, PTEN, STK11, and CDH-1 gene mutations—giving a lifetime
probability of cancers in general of about 90% and specifically a female breast cancer probability above
50%.

Several rare gene mutations—CHEK2, PALB2, ATM, and BRIP1—are also associated with a
breast cancer relative risk in the range of 1.5–5.0. In aggregate, these high-effect mutations are corre-
lated with only approximately 10% of hereditary breast cancers [104, 122].

To date, GWAS attempts to discover common polygenic variants of low effect size have had only
limited success. One review study [223] outlines the history and accomplishments of breast cancer
GWAS over a decade of research. The most recent high-powered consortium study [224] included
122,977 cases and 105,974 controls of European ancestry as well as 14,068 cases and 13,104 controls of
East Asian ancestry. The study verified 102 previously reported SNPs, finding that 49 of them were
reproducible. The study also found that the majority of discovered SNPs reside in non-coding areas
of the genome. The discovered set of polygenic SNPs allows for the explanation of approximately 4%
of heritability on top of the 14% explained by known high-penetrance SNPs, bringing the predictive
power to 18%. This GWAS estimated the familial heritability of breast cancer at 41%—a possible
exaggeration, because it significantly exceeds the 31% estimated by Möller et al. [105] and the 27%
estimated by Mucci et al. [119]

Breast cancer conclusions: The familial heritability studies and BRCA1/2 clinical studies show
that breast cancer heritability is relatively constant over the age of 40 for both mutations. A number
of high-penetrance gene mutations can explain an additional fraction of heritability, totaling 10–14%.

The GWAS described above [224] also found multiple SNPs located in non-coding areas to be
correlated with the candidate gene promoters and activity modifier areas. This improves the possibility
that the common variant component may be able to explain a larger fraction of heritability. It appears
at this time, based on Möller et al. [105] statistics, that breast cancer heritability for the polygenic
component may also be relatively constant after the age of 40 or may only slightly decline with age.

Prostate cancer (PC) The effects and risks of the BRCA1/2 genes and their mutations
described in the breast cancer section apply in a very similar way to the incidence of PC.

A study by Lecarpentier et al. [126] found that lifetime PC risks are approximately 20% for BRCA1
mutations carriers and 40% for BRCA2 mutation carriers, while, overall, BRCA1/2 is associated with
only 2% of all PC cases. In addition, BRCA1/2 accounts for 10% of male breast cancer cases. The
lifetime risk of male breast cancer in mutation carriers is estimated at 5–10% for BRCA1 mutations
and 1–5% for BRCA2 mutation carriers. Therefore, compared to breast cancer, BRCA1/2 mutations
are associated with a smaller fraction of heritability.

The lifetime risk of PC in men is estimated at 6% for Danish cohorts and 12% for Finnish,
Norwegian, and Swedish cohorts. The lifetime risk of developing PC in the US and the UK is 12%
[103, 107]. PC heritability has been estimated at 57% [106, 119] and 42% by an older study [118].

The Nordic twin study [106] presents strong evidence that the heritability of PC remains stable
or even slightly increases between the ages of 65 and 100. As with breast cancer, the fraction of
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PC attributed to highly malignant mutations is low. Known rare, high-effect-size variants such as
BRCA1/2, ATM, and HOXB13 explain only 10–12% of heritability [123–126]. Recently, Eeles et al.
[225] using an imputed meta-analysis for 145,000 men, reported that the GWAS polygenic score they
obtained explains 33% of the familial relative risk.

Wu and Gu [123] concluded that the search for the missing heritability may be better served by
high-coverage whole-genome sequencing (WGS); however, due to the cost and complexity, it is not
currently feasible to obtain this much high-quality data. In the absence of more predictive genetic
data, Wu and Gu [123] noted that the best predictor of PC is age itself.

Prostate cancer conclusions: The conclusions for PC heritability are very much the same as
for breast cancer. While the heritability is higher than that of BC, it appears even more likely to
remain constant or slightly increase with age, notwithstanding the smaller number of known rare,
large-effect-size mutations that can be used to explain the heritability of PC.

Colorectal cancer (CRC) The lifetime risk of developing CRC in the US is 4.1% for women
and 4.5% for men [107]. In the UK, the corresponding numbers are 5% and 7% [103].

The Nordic twin studies [119, 120] estimated CRC heritability at 40%. A number of studies have
included separate classifications for colon cancer, with a heritability of 15%, and rectal cancer, with
a heritability of 14%, while the combined percentage is more than double the individual ones. This
example may indicate that, while subdivisions exist in the medical diagnoses that may make a dif-
ference for surgical or treatment purposes, and while even the carcinogenicity manifestations may
differ between subareas of the organ, from the perspective of the heritability of the liability, they are
inherited as a single condition.

CRC heritability is also relatively constant between the ages of 50 and 95 in twin studies [120].
Compared to the two previously reviewed cancers, there is a larger number of identified predisposing
mutations and syndromes, such as Lynch syndrome, familial adenomatous polyposis, Peutz–Jeghers
syndrome, juvenile polyposis syndrome, MUTYH -associated polyposis, NTHL1 -associated polyposis,
and polymerase proofreading-associated polyposis syndrome [127, 226].

Graff et al. [120] study concluded that, although a small number of genetic variants have a sub-
stantial effect on CRC, a considerable portion of its heritability is thought to result from multiple
low-risk variants. de Voer et al. [127]) concurred that penetrant high-effect gene variants are found
in 5–10% of CRC cases. A GWAS review [227] found that more than 50 SNPs have been identified
as credibly associated with CRC risk, yet these only account for a small proportion of heritability. In
GWAS, common, genome-wide variants are able to account for 8% of heritability.

Colorectal cancer conclusions: The conclusions are much the same as for BC and PC.

Lung cancer (LC) The lifetime risk of developing LC in the US is 6.0% for women and 6.9%
for men [107]. In the UK, the corresponding numbers are 5.9% and 7.6% [103].

The LC pattern of heritability is not easy to ascertain. According to Kanwal et al. [130] approx-
imately 8% of lung cancers are inherited or occur as a result of a genetic predisposition. The Nordic
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twin studies review [119] estimated the heritability of LC at 18% (within a likely range of 0–42%).
Heritability studies require controlling for environmental factors, particularly tobacco smoking. It is
perhaps for this reason that the Nordic twin studies consortium, which was invaluable in the three
other cancer analyses, primarily restricted itself to analyzing the effects of tobacco smoking on LC
[121].

Factors such as asbestos, industrial smoke and pollutants, high levels of domestic radon in some
areas of the world, or exposure of miners to radon or other sources of radiation may influence incidence
and, if not accounted for, may affect heritability estimates [228–230]. Hereditary mutations of genes
that regulate DNA repair, including BRCA1/2, TP53 and others, also increase the risk of LC, as with
almost any cancer [130].

Due to the low heritability of LC, GWASs’ success at identifying predictive common SNPs has
been limited [128]. Some studies explain part of the LC incidence by reference to causal epigenetic
effects [231]. The heritability value of 18% given by Mucci et al. [119] has a very broad range. An
earlier study [232] noted that tobacco smoking is by far the largest causal factor for LC, and the
heritability of smoking itself may outweigh any other LC heritability.

Mucci et al. [119] also considered smoking, but the high value reported by them exceeds the
previous consensus and may need further corroboration. LC perhaps belongs to the difficult-to-analyze,
non-additive traits of heritability noted by Polderman et al. [233]. This study considers LC heritability
to be closer to 10%.

Lung cancer conclusions: In conclusion, an age-related heritability pattern for LC is lacking,
and while it is impossible to make definitive conclusions, it can be hypothesized that LC follows a
similar pattern to the other three cancers reviewed.

In summary, the heritability patterns of cancers were not systematically investigated until relatively
recently. A small number of familial studies [104–106, 120] and a more recent study that is particularly
informative about the incidence of BRCA1/2 mutations with age [191] have finally allowed researchers
to determine that cancer heritability remains relatively constant with age. Table A2.10 summarizes
the findings from the reviewed literature in relation to breast, prostate, colorectal, and lung cancer.
Studies ascertaining the heritability of lung cancer with age are absent from the literature; data may
be difficult to collect due to the relatively low heritability of the disease.

Most lung cancer incidence is environmental, and lung cancer does not have specific, highly malig-
nant mutations that may cause a noticeable fraction of heritability. The mostly polygenic fraction of
lung cancer heritability is hypothesized to be similarly stable with age, as is the case with the other
three cancers reviewed.
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Table A2.10: Patterns of heritability by age for most common cancers.

Cancer type: Breast Prostate Colorectal Lung
Lifetime risk, USA
(%)

12 12 4.5m 4.1w 6.9m 6w

Heritability (%) 31 57 40 8–18
Incidence from
highly detrimental
mutations (%)

10–14 10–12 5–10 minor

Polymorphic inci-
dence (%)

86–90 88–90 90–95 major

Heritability trend flat / slight decline flat / slight incline flat likely flat
(50–100 years) [104, 105, 119, 122,

191, 220–222, 224]
[106, 123–
126, 225]

[120, 127, 226,
227]

[119, 121, 128–
130, 228–231]

Lifetime risk numbers, when marked, “w” for women, “m” for men. Lifetime risk numbers, when marked, “w” for
women, “m” for men.

Because cancer development is primarily a consequence of mutations and epigenetic effects leading
to unconstrained propagation of the clonal cell population, in the long term, cancers are inevitable
for most multicellular organisms, including humans [234–238].

Due to cancer’s constant heritability with age, the effect of age is likely to be insignificant for
GWASs’ discovery of cancer polygenic scores and their corresponding predictive power. This could
also apply to any LOD that follows a similar heritability pattern, that is, one that is relatively constant
with age.

A2.6.2 Incidence Functional Approximation Used in Preliminary Validations

To determine the effect of disease incidence with age progression on allele frequencies in the population
and the difference in allele frequency between the newly affected and remaining unaffected populations,
three incidence dependencies with age were used.

1) Constant incidence:
I(t) = a, (A2.14)

where a is a constant representing a horizontal line. Yearly incidence values of 0.0015, 0.005, and 0.02
(0.15% to 2%) were selected.

2) Linear incidence:
I(t) = b t, (A2.15)

where b is a slope of the linear progression with intercept 0. Slope values of 0.003, 0.01, and 0.04 were
selected. This means that incidence begins at 0 and increases to an incidence equal to 0.3%, 1%, and
4%, respectively, at 100 years of age to match the cumulative incidence of 1) above.

These values were chosen to simplify the evaluation via simulation. The simulation was run with
zero mortality, and the values were chosen to keep cumulative incidence at the same level—0.44
(44%)—at 100 years of age for the highest of either the constant or linear incidence progression.
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3) In addition, an evaluation exponential incidence progression was used:

I(t) = 3.05· 10−5e0.1178t, (A2.16)

fitted to achieve a similar cumulative incidence at the most advanced age.
In all five scenarios described in the main article, the values of the case and control means and

standard deviation/variance are identical when the cumulative incidence reaches the same level.
Two heritability scenarios were validated: 30.5% and 80.5%; see Table A2.11.

Table A2.11: Linear and constant incidence validation scenarios.

Genetic architecture scenarios: A B C D E

Scenario 1. Variants: 400 625 1375 50 25
Achieved heritability: 0.3068 0.308 0.3075 0.296 0.3142

Scenario 2. Variants: 3725 5850 12775 500 225
Achieved heritability: 0.8047 0.8064 0.8049 0.8078 0.8048

The target heritability is 0.305 (30.5%) for validation scenario 1 and 0.805 (80.5%) for validation scenario 2 due to the
genetic architecture model requiring multiples of 25 variants.

A2.6.2.1 Validating Allele Distribution Change in Model Genetic Architectures Using
Systematic Incidence Progressions

A set of validation simulations was run to verify the behavior of the model genetic distributions for
the three types of incidence progression described above. The validation simulations based on the
constant, linear and exponential incidence rates confirmed that both of the mean polygenic scores, for
the population and for the cases, viewed in the individual values analysis for each age depend on the
cumulative incidence and the magnitude of heritability, with neither being dependent on the shape of
incidence progression with age.

From the validation simulations, the cumulative incidence, regardless of the incidence progression
pattern, was found to produce a virtually identical polygenic score distribution for cases and the
remaining unaffected population; see the genetic common allele low effect size plotted in Figure A2.7.

Between the genetic architectures, there is also a relatively small difference in the polygenic scores
of the population and the cases; see Figure A2.8. As can be seen, the low-effect-size scenarios A, B,
and C, progressing in allele frequency from common to rare, are practically indistinguishable from
each other.

The higher-effect-size architectures (D and E) show a slightly larger fraction of higher-polygenic-
score individuals or, more precisely, a slightly larger representation of higher- and low-polygenic-score
individuals. The qualitative picture is close to identical among all five scenarios.
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A2.6.3 Supplementary Figures
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Figure A2.7: Validation simulations: constant, linear, and exponential incidence curves within the
same allele architectures. Using a constant incidence at a level of 0.5% per year, linearly increasing incidence with
a slope of 0.01%, and exponentially reaching similar cumulative incidence in a 105-year age interval. Within the same
allele architecture, the PRS is identical, subject to the simulated population stochasticity.
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Figure A2.8: Validation simulations for five allele architectures. The linear and constant incidence patterns
give identical results for each allele architecture. The rare medium-effect-size and even rarer high-effect-size scenarios
produce a fraction of higher individual betas for the same overall population variance; a relative difference is less
prominent at 80% versus 31%. The three identical low-effect-size scenarios produce effectively identical PRS patterns.

Figure A2.9: The discovery power calculated by Online Sample Size Calculator (OSSE). Used for initial
validation of the simulation power calculations. The simulation code with the above values returned the GWAS discovery
power equal to 79.81789%, which is practically identical to 79.8% returned here by the OSSE [176] calculator.
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Figure A2.10: Polygenic score difference between patients and controls in a cohort simulation. (A)
Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F)
prostate cancer, (G) colorectal cancer, (H) lung cancer. Common, low-effect-size alleles (scenario A). SD band is a band
of one standard deviation above and below the cases and the unaffected population of the same age. The cohort change
and difference are less prominent than in IVA due to the accumulated diagnoses from younger cases with an averaged
control polygenic risk score and mortality.
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Figure A2.11: Allele frequency difference between cases and controls; cohort simulation. (A) Alzheimer’s
disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer,
(G) colorectal cancer, (H) lung cancer. Common low-effect-size alleles (scenario A). The MAF cases minus controls
value is used to determine GWAS statistical power. Rarer and lower-effect-size (OR) alleles are characterized by a lower
relative MAF change.
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Figure A2.12: Number of cases needed to achieve 0.8 discovery power; IVA. (A) Alzheimer’s disease,
(B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G)
colorectal cancer, (H) lung cancer. Common, low-effect-size alleles (scenario A). The diagnosed-individuals-versus-
same-age-unaffected-population curve continues to rise steeply in the IVA scenario. A sample of 6 out of 25 SNPs; MAF
= minor (risk) allele frequency; OR = risk odds ratio.
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incidence rate and initial heritability; summary of five LOD validation simulation types. (A) Alzheimer’s
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Figure A2.14: Difference in allele frequency between newly diagnosed instances and the remaining
unaffected population; IVA. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary
artery disease, (E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer. Rare, medium-effect-size
alleles (scenario D). The MAF cases minus controls value is used to determine GWAS statistical power. Rarer and
lower-effect-size (OR) alleles are characterized by a lower relative MAF change.
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Figure A2.15: Difference in allele frequency between cases and controls; cohort simulation. (A)
Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F)
prostate cancer, (G) colorectal cancer, (H) lung cancer. Rare, medium-effect-size alleles (scenario D). The MAF cases
minus controls value is used to determine GWAS statistical power. Rarer and lower-effect-size (OR) alleles are char-
acterized by a lower relative MAF change.
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Figure A2.16: Number of cases needed to achieve 0.8 discovery power; IVA. (A) Alzheimer’s disease,
(B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G)
colorectal cancer, (H) lung cancer. Rare, medium-effect-size alleles (scenario D). The diagnosed-individuals-versus-
same-age-unaffected-population curve continues to rise steeply in the IVA scenario. A sample of 6 out of 25 SNPs; MAF
= minor (risk) allele frequency; OR = risk odds ratio.
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Figure A2.17: Number of cases needed to achieve 0.8 discovery power; cohort simulation. (A) Alzheimer’s
disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer,
(G) colorectal cancer, (H) lung cancer. Rare medium-effect-size alleles (scenario D). The cohort curve due to the
accumulative cases diagnosed at younger ages with an averaged control polygenic risk score and mortality begins at the
same necessary-cases number as IVA but rises more slowly and levels out at older ages. A sample of 6 out of 25 SNPs;
MAF = minor (risk) allele frequency; OR = risk odds ratio.
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Figure A2.18: Multiple of the decline in the number of cases needed for 0.8 discovery power in a
cohort study using progressively older control cohorts compared to a fixed-age young-cases cohort.
(A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F)
prostate cancer, (G) colorectal cancer, (H) lung cancer. Cases’ mid-cohort age is leftmost age (youngest plot point);
control mid-cohort ages are incremental ages. The number of cases needed for 0.8 discovery power is smaller when older
controls are used, particularly for LODs with the highest heritability and incidence. Common, low-effect-size alleles
(scenario A). A sample of 9 out of 25 SNPs; MAF = minor (risk) allele frequency; OR = risk odds ratio.
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Figure A2.19: Population distribution of detrimental variants for common, low-effect-size genetic ar-
chitecture. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast
cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer. Based on initial heritability, the individuals in a
population carry a relatively high number of malignant, low-effect alleles, resulting in the combined LOD PRS.
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Figure A2.20: Population distribution of PRSs for common, low-effect-size genetic architecture. (A)
Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F)
prostate cancer, (G) colorectal cancer, (H) lung cancer. PRS is normalized to population mean.
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Figure A2.21: Absolute magnitude change in MAF (minor allele frequency) with age for cases and
controls; cohort simulation. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery
disease, (E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer. Common, low-effect-size alleles
(scenario A), all plots show MAF = 0.286 and OR = 1.15 allele. Change in the absolute magnitude of each allele
frequency value is relatively small with age progression. GWAS discovery power is a function of the difference in allele
frequency between cases and controls. Rarer and lower-effect-size (OR) alleles are characterized by a lower change in
absolute and relative MAF with cohort age progression.



3. Evaluating the Potential of Younger Cases
and Older Controls Cohorts to Improve

Discovery Power in Genome-Wide Association
Studies of Late-Onset Diseases

This chapter is adapted from:
Oliynyk RT. “Evaluating the Potential of Younger Cases and Older Controls Cohorts to Improve
Discovery Power in Genome-wide Association Studies of Late-onset Diseases.” Journal of Personalized
Medicine, 9(3), 2019 Oliynyk [2].

3.1 Introduction

With a growing fraction of the population reaching advanced age, late-onset diseases (LODs) have
become the leading cause of mortality and morbidity [157]. Some LODs such as macular degenera-
tion [158, 239, 240] are primarily caused by a single or a small number of high-effect variants. Each
such disease is individually relatively rare in the population, and the mutations causing the majority
of such diagnoses are known [241]. The OMIM Gene Map Statistics [23] compendium lists thousands
of such gene mutations.

The most common LODs are polygenic. They include heart disease, cancer, respiratory disease,
stroke, and notably, Alzheimer’s disease and other dementias [156]. The object of genome-wide as-
sociation studies (GWASs) is to detect associations between genetic variants and traits in popula-
tion cohorts [8]. Associations can be used to predict individuals’ LOD liability and, based on this
knowledge, formulate preventive recommendations and treatments, with the ultimate goal of apply-
ing personalized medical interventions based on the genetic makeup of each unique individual [8].
GWASs are being applied to all areas of genetics and medicine. Yet polygenic LODs remain resistant
to the discovery of sufficient causal gene variants that would allow for accurate predictions of an indi-
vidual’s disease risk [158–160]. GWASs can implicate only a subset of single nucleotide polymorphisms
(SNPs) that can typically explain a fraction of the heritability of a polygenic LOD [8], despite the
fact that LODs with varied symptoms and phenotypes show high heritability in twin and familial
studies [102, 105, 111, 120, 123, 130, 161, 194, 198].

Two complementary scenarios can explain LOD heritability, and both contribute to the so-called
GWASs’ missing heritability problem [15–18]. The common low-effect-size allele hypothesis states
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that LODs are primarily caused by a combination of a large number of relatively common alleles of
small effect [19]. GWASs have been able to discover only a small number of moderate-effect SNPs,
but a large number of smaller effect SNPs remain below GWASs’ statistical discovery power. The rare
high-effect-size allele hypothesis proposes that LODs are caused by a relatively large number of rare,
moderate- or high-effect alleles with a frequency below 1% that likely segregate in various proportions
into subpopulations or families [20, 21] and are similarly problematic for GWASs’ discovery. Both sce-
narios can contribute to observational facts, but their relative weights vary depending on the genetic
architecture of an LOD [22]. It has been determined [24, 25] that common low-effect-size variants very
likely explain the majority of heritability for most complex traits and LODs. This study primarily
focuses on such diseases.

Recently, Warner and Valdes [213] stated that “one of the criticisms raised against genetic studies
is that they are far removed from clinical practice”. Performing GWASs with ever-larger cohort sizes
achieves better and more complete discovery for a variety of LODs and traits, yet larger patient co-
horts are associated with practical, logistic, ethical, and financial limitations, and research continues
on developing statistical and procedural methods to improve discovery efficiency and sensitivity. Tra-
ditionally, homogeneity of cohort participants is recommended for GWAS. A common approach is to
adjust for known covariates, including age, with the goal of correcting or averaging out biases [167].
Several studies caution about the appropriateness and scope of covariate adjustments [242, 243]. Usu-
ally, the same age window is targeted, although it has been suggested [166] that individuals with an
early age of onset are likely to have greater genetic susceptibility. Li and Meyre [166] proposed that
once the risk of false positive association has been ruled out by initial replication studies, association
can be extended to different age-matched windows. The recognition that “extreme phenotype sam-
pling” may improve GWAS discovery prompted theoretical interest in study cohorts that are diverse
in age [168, 169].

A recent study [1] simulated population age progression under the assumption of relative disease
liability remaining proportionate to individual polygenic risk and determined that individuals with
higher risk scores will become ill and be diagnosed proportionately earlier, bringing about a change
in the distribution of risk alleles between new cases and the as-yet-unaffected population in every
subsequent year of age. This is accompanied by a lowering of the mean polygenic risk score (PRS) of
the progressively older as-yet-unaffected population and impairment of GWASs’ statistical discovery
power for the study cohorts comprised of older age-matched individuals, most prominently for the
highest prevalence LODs.

The simulations were based on Cox’s proportional hazards model [26], where the probability of
developing a disease at a particular age, given that a subject has been disease-free until that age is
given by the multiplicative effect of a set of risk factors over the baseline hazard of the disease [27]
(see also the discussion accompanying Equation (2.1) in the Methods). According to Chatterjee et al.
[27], “to date, post-GWAS epidemiological studies of gene-environment interactions have generally
reported multiplicative joint associations between low-penetrant SNPs and environmental risk factors,
with only a few exceptions”, and “investigations of SNP-by-SNP and SNP-by-environment interactions
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using data from large GWAS generally suggest that the assumption of multiplicative effects is often
adequate and an additive model under the identity link can be soundly rejected”; studies [185, 244–246]
provide corroboration of these conclusions.

This research quantifies the use of non-age-matched cohorts for improving the discovery power of
GWASs using as a case study eight prevalent LODs: Alzheimer’s disease (AD), type 2 diabetes (T2D),
coronary artery disease (CAD), cerebral stroke, and four late-onset cancers: breast, prostate, colorectal,
and lung cancer. The simulation results showed that GWASs of polygenic LODs that display both high
cumulative incidence at older age and high initial familial heritability may benefit most from using the
youngest possible participants as cases. Additional improvement in GWASs’ discovery power could be
achieved by study cohorts that combine the youngest possible cases with the oldest possible controls.

3.2 Materials and Methods

3.2.1 The Simulation Design Summary and Conceptual Foundations

This study’s simulations are an extension of the author’s earlier research [1] that focused on the
allele frequency and GWASs’ statistical power change patterns in aging populations for the eight
LODs that were further analyzed here: Alzheimer’s disease, type 2 diabetes, coronary artery disease,
cerebral stroke, and four late-onset cancers—breast, prostate, colorectal, and lung cancer.

The model genetic architectures, the LOD incidence models, the statistical foundations and the
simulation designs were shared with the preceding work Oliynyk [1]. The readers are referred to the
Methods chapter 2.2 for complete coverage.

Sections 3.2.2 and 3.2.3 will describe the simulation design and analysis that was performed ex-
clusively in this study.

3.2.2 Simulations and Analysis of the Youngest Possible Cases and Older
Controls Cohorts Scenario

For the purposes of this research, rather than analyzing only the age-matched cohorts, the simulation
progressed in age until the mid-cohort age at which the fraction of population that succumbed to
an LOD exceeded 0.25% population prevalence—the prevalence that was postulated as a minimum
needed for forming the cases cohorts. This set of diagnosed individuals was kept for the duration
of the simulation as the cases cohort. The cohort’s age span was fixed at 10 years just as in the
preceding study, a relatively common cohort age span in GWASs. The simulation continued with
population aging and being subject to probabilistic disease incidence, and at each progressive year of
age, a new random set of as-yet-unaffected individuals was sampled, thereby forming a new cohort with
a progressively higher mid-cohort age. These cases and controls cohorts were analyzed for the effect
allele frequency difference between cases and controls, with the corresponding estimate of the cohort
size needed to achieve 80% GWASs statistical discovery power. After completion of each simulation
run with a mid-cohort age exceeding 100 years, the results were aggregated and further analyzed.
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3.2.3 GWASs Association Analysis and Effect-Size Adjustment for Younger
Cases and Older Controls Cohorts

The case–control populations produced by these simulations were suitable for the consequential
GWASs association analysis that was implemented in this research. The simulations described in
Section 3.2.1 were extended to save the output in PLINK format [247, 248]. The initial validation,
analysis, and file format conversions were performed using PLINK v1.9. The GWASs logistic regression
with adjustment for age was performed using the R script AdjustByAge.R, as described below, and the
outputs were validated with the regression modeling strategies (rms) GWASs R package by Harrell Jr
[249] and PLINK, confirming that the individual SNP association results with these two programs
were identical to those produced by this R script.

The GWASs simulations showed that the apparent effect size tended to increase with the age of
the control cohort, when analyzed against the youngest possible case cohort, compared to a “true”
value, which was chosen as the effect size value from the youngest age-matched cohort. An example,
although with a different objective, was demonstrated by the application of age bias in a leprosy
case–control study [250] that used the bias adjustment as a function of squared age.

The R script written for this analysis, AdjustByAge.R, based on R generalized linear model glm()
functionality [251], performed the GWASs association and iterative age covariate adjustment starting
with a youngest possible age-matched cohort and proceeding with the progressively older control
cohorts. The script effectively discovered the best match bias adjustment power and allowed the
comparison of the power parameters analyzed between LODs, as presented in the Results section.
Importantly, the bias adjustment results showed that the increase in the value of the effect size was
approximately proportionate to the effect size magnitude for all LODs analyzed here. The differential
normalized effect size D(t) can be expressed as:

D(t) = (β(t)− βTrue)/βTrue = ∆β(t)/βTrue, (3.1)

where β(t) and βTrue are the effect-size values found for older control cohorts compared to a known
“true” effect size as defined in the simulated genetic architecture for each allele. The variable D(t) will
be referred to as normalized bias. The GWASs simulations associated the effect sizes in 5-year control
cohort age increments and matched the best power exponent regression function:

D(t) = I0 + S· (t−AgeY )P , (3.2)

where I0 and S are the linear regression intercept and slope, t is an older control cohort age, AgeY is
the youngest case cohort age, and P is the best match power exponent. When the solution to Equation
(3.2) is correctly estimated for one gene variant (likely for a SNP with a larger effect size), it could
be used to adjust other discovered variants’ effect sizes from Equations (3.1) and (3.2). The R script
FindAdjustmentRegressionFunction.R, implementing lm() linear regression iteratively, fitted the best
matching adjustment power with lowest residuals. A snippet of the core functionality of this script is
presented below:
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df$beta_rel_norm = df$beta_rel / df$beta_adj #create the array of normalized relative effects
nPower = 1.0 #start with power P=1.0
repeat { #loop until best match adjustment power is passed

df$agePower = (df$age - youngAge)^nPower #create delta Age to a power array
lmNew = lm(beta_rel_norm~agePower, data = df) #perform linear regression
if( nPower > 1.0 ) { # compare the regression p-value to the previous iteration

if( summary(lmNew)$coefficients[2, 4] > summary(lmRes)$coefficients[2, 4] ) {
break; #if current regression fitting p-value is larger than the previous, done

}
}
nPower = nPower + 0.1 #increment the power by 0.1
lmRes = lmNew #store results of this iteration for above comparison

}
nPower = nPower - 0.1 #save best match regression power result

Additionally, this script evaluated the regression with fixed P = 2 (quadratic regression) for all
LODs. The data preparation and scripting steps described here are listed with specifics in GwasSim-
ulationPipeline.txt, available along with the R scripts in [173].

3.2.4 Data Sources, Programming, and Equipment

The data sources, programming, and equipment in this work were shared with the previous work and
can be perused in Section 2.2.9. The simulation source code, R scripts, and simulation results can be
found in [173].

3.2.5 Statistical Analysis

The core simulation statistical analysis considerations are also identical to the previous work, and can
be found in Section 2.2.10.

The specific to this research GWASs simulations and variant effect size covariate adjustment
by age were more memory-intensive, and the 200 million simulated population with 500 thousand
case and control cohorts was possible with the described equipment. In this instance, two-sigma
confidence intervals for simulated GWASs discovery and regression parameters are presented in the
corresponding plots.

3.3 Results

3.3.1 Impairment of GWASs’ Statistical Discovery Power with Progressively
Older Age-Matched Cohorts

The preceding study [1] reported the patterns of GWASs’ discovery power for the age-matched cohorts.
Out of the range of genetic architectures, simulation scenarios, and validations performed in that study,
it is necessary to refer to the findings for the common low-effect-size genetic architecture, which are
summarized in this subsection for further comparisons.

In this prospective simulation, each next individual to be diagnosed with an LOD was chosen
proportionately to that individual’s relative PRS at birth relative to all other individuals in the as-
yet-unaffected population, with the number of individuals diagnosed annually determined by the model
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incidence rate curve derived from clinical statistics. The simulation continued with population aging
and being subject to probabilistic disease incidence, and at each progressive year of age, a new random
set of as-yet-unaffected individuals was sampled, thereby forming a new cohort with a progressively
higher mid-cohort age. These cases and controls cohorts were analyzed for the effect allele frequency
difference between cases and controls, with the corresponding estimate of the cohort size needed to
achieve 80% GWASs statistical discovery power.

The simulations in [1] determined that the age-related change in the cohort size needed to achieve
80% discovery power for an age-matched case–control cohort study increases with mid-cohort age (with
the exception of lung cancer), as presented in Figure 3.1. This pattern is caused by the diminishing
difference in effect SNP frequency between diagnosed cases and unaffected controls as mid-cohort age
increases and is also reflected in the decreasing cohort PRS for older cohorts (see Figure 2.4 and Fig-
ure 2.3). This pattern was consistently observed for all genetic architectures, showing that the change
in the PRS depends on the cumulative incidence and the magnitude of heritability (see Table 3.1).
Consequently, the age-matched cohorts composed of the youngest possible participants will allow for
the best GWASs’ statistical discovery power compared to older age-matched cohorts.
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Figure 3.1: Change in number of cases needed to achieve 80% discovery power in age-matched cases
and controls cohort design. (A) Alzheimer’s disease (AD), (B) type 2 diabetes (T2D), (C) cerebral stroke, (D)
coronary artery disease (CAD), (E) breast cancer (BC), (F) prostate cancer (PC), (G) colorectal cancer (CC), (H) lung
cancer (LC). Age-matched cohorts require larger numbers of participants to achieve the same genome-wide association
studies’ (GWASs’) discovery power compared to the youngest cohort age.

The number of participants needed to achieve adequate GWASs’ statistical power differs between
the lowest- and the highest-effect alleles and also between the lowest and the highest frequency alleles,
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exhibiting a greater-than-hundredfold variation between alleles composing the genetic architecture,
as seen in Figure 3.1. The required number of cohort participants is quite similar for the same-effect
alleles among all eight LODs; for example, the highest-effect allele for each LOD requires 5 × 104–
1.4 × 105 cases for 80% discovery power at younger ages. The change in allele frequency with age
progression between cases and controls shows substantial variation among LODs, with the greatest
change occurring in AD and the least significant in lung cancer, as demonstrated in Figure 2.4.

Table 3.1: Comparative advantage for the GWASs cohort sizes of the youngest cases–older controls
cohorts vs the progressively older age-matched cohorts.

Highly prevalent LODs Cancers

AD T2D Stroke CAD Breast Prostate Colorectal Lung

LOD characteristics:
Lifetime risk % 10–20 55 25–30 32–49 12 12 <4.5 <6.9
Heritability % 79–80 69 38–44 50–60 31 57 40 8–18
Maximum yearly incidence % >10 2.5 4.4 3.6 <0.5 <0.8 <0.6 <0.6
Cohort size multiple for:
Age-matched at 80 years 1.82 2.13 1.51 1.86 1.15 1.65(1.36) 1.25 0.98
Youngest cases & controls at 80 years 0.89 0.57 0.72 0.75 0.81 0.84(0.82) 0.90 0.88
Relative advantage: 80-year-old controls 2.04 3.74 2.10 2.48 1.42 1.96(1.66) 1.39 1.11
Cohort size multiple for:
Age-matched at 100 years 2.12 1.95 1.42 1.91 1.19 1.80(1.44) 1.36 0.92
Youngest cases & controls at 100 years 0.43 0.46 0.46 0.52 0.72 0.72(0.70) 0.79 0.74
Relative advantage: 100-year-old controls 4.39 4.24 3.09 3.67 1.65 2.50(2.06) 1.72 1.24

The minor allele frequency (MAF) values and cases needed for 0.8 (80%) GWASs’ statistical discovery power are
for the common, low-effect-size alleles. Simulated cohorts span 10 years. The two comparison blocks for 80-year and
100-year mid-cohort age compare the multiple of cases needed against the youngest possible age-matched cohorts for
each late-onset disease (LOD). The values show how many times larger (or smaller) a cohort size the corresponding
scenario would require to achieve the same 80% GWASs’ statistical discovery power. Prostate cancer heritability is 57%
according to [106]. Shown in braces is 42% heritability [118], which according to [1] is perhaps a more reasonable—
although historically older—estimate of prostate cancer heritability and is more in line with the other three cancers.

3.3.2 Advantage of Using Youngest Possible Cases and Oldest Controls in
GWASs LOD Cohorts

The scenarios simulating the number of cases needed when the cases are the youngest possible par-
ticipants with increasingly older controls in the cohort are presented in Figure 3.2. In this scenario,
the cohort size to achieve 80% GWASs’ statistical power decreases with the cohort age progression
thanks to a change in allele frequency difference between younger cases and older controls cohorts;
this is demonstrated in Figure A2.21. The multiplier representing the decrease in the number of cases
that is needed in this scenario is represented by the blue lines in Figure 3.3, which strongly contrasts
with the increasing with age multiplier of the number of cases needed for the same GWASs’ discovery
power in the classic age-matched study design demonstrated by the red line.

The age-matched and youngest case/older control scenarios are summarized in Table 3.1.
The youngest cases/older controls cohort scenario multiple was found to be almost identical between
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all allele frequencies and effect sizes for each particular LOD, as seen in Figure A2.18. An additional
side-by-side view can be seen in Figure A3.5.

Thus, cohorts composed of the youngest possible cases and the oldest available controls could
improve the discovery power of GWASs. Equivalently, such cohorts require even smaller numbers of
participants to achieve the same GWASs’ discovery power than the youngest age-matched cohorts,
and certainly better than any older age-matched cohorts.
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Figure 3.2: Change in number of cases needed for 80% discovery power in a cohort study when using
progressively older controls compared to fixed-age young cases. (A) Alzheimer’s disease, (B) type 2 diabetes,
(C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H)
lung cancer. Cases’ mid-cohort age is the leftmost age (youngest plot point); control mid-cohort ages are incremental
ages. The number of cases needed for 80% discovery power is smaller when using older controls, particularly for those
LODs showing the most prominent increase in the number of cases needed for older age in matched-age cohorts, as can
be seen in Figure 3.1.
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Figure 3.3: Per LOD comparison: Youngest possible cases and increasingly older controls vs. classical
age-matched cohorts. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease,
(E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer. The multiplier showing the reduction
in the number of cases needed in a young cases–older controls scenario is shown in blue (here, cases’ mid-cohort age
is the leftmost, the youngest age plot point; control mid-cohort ages are incremental ages), strongly contrasting with
the number of cases needed for the same GWASs’ discovery power in a classic age-matched study design, shown in red,
which increases with age.

3.3.3 Characterizing and Adjusting for Effect Size in the Younger Cases and
Older Controls GWASs

The case–control populations with corresponding individual SNP sets produced by the above simu-
lations where exported in PLINK format [248] for GWAS analysis. Association analysis determined
SNP effect sizes and applied iterative age covariate adjustment starting with the youngest possible
age-matched cases and controls, and proceeding with the progressively older controls.

The GWASs association analysis with the youngest possible cases and older controls cohorts showed
that with the increasing controls cohort age, the SNP effect sizes exceed the known “true” effect sizes.
This is the expected consequence of the larger effect allele differential between these cohorts compared
with the age-matched cohorts. For SNPs defined in the simulation with the effect size 0.14 (OR = 1.15),
the association analysis found effect sizes near 0.20 (OR = 1.21) for CAD and stroke with 100-year-
old control cohorts; the bias is notably lower for the four cancers. The differential effect size (bias) of
+0.05, corresponding to an OR multiple equal to 1.05, was reached for these LODs at the control group
age of 100 years; the bias age progression is displayed in Figure A3.6 and Figure A3.7. The typical
single-SNP GWASs association analyses are known to show an underestimated SNP effect for higher
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trait heritablities [252, 253]. This is particularly relevant for AD and T2D, with 3575 and 2125 effect
SNPs for common low-effect-size genetic architectures. Stringer et al. [252] consider this phenomenon
a facet of GWASs’ missing heritability characteristic for single-SNP analysis. Multi-SNP analyses are
proposed and are being developed [253–256]. For the purposes of this study, the customary single-
SNP association analysis was sufficient for the relative bias determination for AD and T2D, which
was found to closely follow the patterns of CAD and stroke, as well as the cancers.
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Figure 3.4: GWASs association simulations: characterizing the age bias adjustment maintaining “true”
OR with control cohort age progression (best fit power: ∆TP ). (A) Alzheimer’s disease, (B) type 2 diabetes,
(C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H)
lung cancer. Common, low-effect-size alleles, showing two single nucleotide polymorphisms (SNPs)—with the largest
and the smallest effect—for each LOD. ∆β/β is a difference between an allele true effect and discovered effect divided
by the true effect size. The confidence interval bars correspond to two sigma (95%) based on the standard error of
linear regression fitting. In this plot, rather than using the square of ∆age, the best fit power is iteratively discovered,
achieving better residual standard error and p-value of the R lm() regression, compared to Figure A3.8 representing the
square of ∆age.
Note: the scale of x-axes differs among sub-plots because of the differing optimal power exponents P , as is displayed
with each sub-plot x-axis label.

The GWASs association analysis and effect-size adjustment with age and corresponding associa-
tion standard errors are summarized in Table 3.2; the equations and approach are described in the
Materials and Methods, Section 3.2.3. The progression shape in Figure A3.7 implies that the bias is
proportionate to a power function by age, and the bias magnitude progression appears proportion-
ate to the effect size magnitude. The linear regression fitted the normalized effect bias according to
Equations (3.1) and (3.2). The best fit power of age regression, with the power exponent specific for
each LOD, produced a good match, as can be seen in Figure 3.4. The quadratic bias adjustment,
used by Chatterjee et al. [250], also resulted in a reasonable bias adjustment, as seen in Figure A3.8.
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A slight improvement of the best fit power over the quadratic regression means that, for simplicity,
the quadratic adjustment will likely be sufficient in practical GWASs bias correction for all LODs
analyzed here (compare Figure 3.4 and Figure A3.8).

Table 3.2: Summary of GWASs association simulations and effect size correction parameters for
youngest cases–older controls cohorts.

Highly prevalent LODs Cancers

AD T2D Stroke CAD Breast Prostate Colorectal Lung

Age bias adjustment
quadratic (∆age2):
Slope coefficient 2.3· 10−4 9.1· 10−5 1.8· 10−4 1.2· 10−4 4.4· 10−5 7.7· 10−5 5.5· 10−5 8.1· 10−5

Residual standard error 0.029 0.026 0.0058 0.0039 0.0093 0.014 0.0050 0.0092
p-value 5.5· 10−7 1.9· 10−12 2.9· 10−16 2.7· 10−18 1.8· 10−11 4.1· 10−7 2.7· 10−10 5.3· 10−9

Age bias adjustment
best fit power (∆ageP ):
Power 3.2 1.4 2.1 2.0 1.4 1.2 1.6 1.7
Slope coefficient 2.8· 10−6 1.2· 10−3 1.2· 10−4 1.2· 10−4 5.4· 10−4 1.7· 10−3 2.6· 10−4 2.6· 10−3

Residual standard error 0.0030 0.013 0.0057 0.0039 0.0036 0.0053 0.0025 0.0084
p-value 6.9· 10−15 1.3· 10−16 2.5· 10−16 2.7· 10−18 2.0· 10−16 5.3· 10−11 5.8· 10−13 2.4· 10−9

The two GWASs association sections summarize the standard error of the logistic regression association for cohort
studies with the largest age difference between youngest case group (as specified for each LOD in this table) and a
control group with the mid-cohort age of 100 years. The “raw” value corresponds to the analysis without the age bias
adjustment and “adjusted”, after the age bias adjustment (SE) - standard error. The two Age bias adjustment sections
show parameters of the regression described in the Methods section when using quadratic and best fit power for the age
difference between the youngest cases’ mid-cohort age and incrementally increasing the mid-cohort age of older controls
for the SNP with “true” OR = 1.15. The best fit power results in a more accurate regression, but the quadratic rule
would be sufficiently accurate for the practical GWASs data.

3.4 Discussion

By simulating population age progression under the assumption of relative disease liability remaining
proportionate to individual polygenic risk, it was confirmed that individuals with higher risk scores
will become ill and be diagnosed proportionately earlier, bringing about a change in the distribution
of risk alleles between new cases and the as-yet-unaffected population in every subsequent year of age.
With advancing age, the mean polygenic risk of the yet-unaffected aging population diminishes. The
fraction of highest-risk individuals diminishes even faster, while at the same time, the LOD incidence
increases or remains high with progression of age due to organism aging and cumulative environmental
effects. Ultimately, the allele distribution in the as-yet-unaffected population of the same age with a
given initial genetic architecture depends solely on cumulative incidence, which represents the fraction
of the population that has succumbed to a disease [1]. GWASs’ statistical discovery power is impaired
by the change in individual distribution of the PRS at older ages. A larger number of cases and controls
is needed at older mid-cohort ages to achieve the same GWASs’ statistical discovery power compared
to using younger age-matched cohorts. The effect is most prominent for AD, T2D, stroke, and CAD,
which exhibit higher heritability and cumulative incidence compared to the cancers analyzed here.
The cancers show a noticeably smaller increase in the number of participants required to achieve the
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same statistical power, and while other factors could be at play, the probabilistic effects determined by
lower incidence and lower heritability of the analyzed most prevalent cancers are sufficient to explain
this pattern [1]. Quantitatively, the age-matched cohort studies would require 1.5–2.1 times more
participants at age 80 compared to the youngest possible age-matched cohorts in the case of stroke,
CAD, AD, and T2D.

Designing cohorts composed of the youngest possible cases and the oldest available controls im-
proves GWASs’ discovery power due to a larger difference in risk allele frequency between cases and
controls. This effect is reminiscent of the example given by Sham and Purcell [175] for quantitative
traits, in which performing GWASs using only the extreme top and bottom 5% of the individual
distribution would achieve the same result with 4.4 times fewer participants compared to a cohort of
randomly selected individuals. However, in contrast to the Sham and Purcell [175] example, the ob-
served larger MAF difference here is achieved not because of an enrichment of effect alleles with
age—the youngest case–control cohorts show the largest MAF difference and GWASs’ discovery power
for the age-matched cohorts—but rather, the MAF difference is enhanced by the impoverishment of
the increasingly older controls in terms of polygenic risk and corresponding effect allele frequencies.
This cohort design leads to a smaller number of participants being needed for GWASs, particularly
when applied to the highest cumulative incidence and heritability LODs—so much so that about 50%
fewer participants are required to achieve the same GWASs’ statistical power when control cohorts
between 90 and 100 years of age are matched to the youngest case cohorts, with the reverse being
the case with older age-matched cohorts. Also notably, 20–25% fewer participants are needed in this
scenario to achieve the same statistical power in cancer GWASs, including even those focusing on
lung cancer.

Use of non-age-matched cases and controls in GWASs cohorts, while improving the discovery power,
may result in reporting a higher association effect than the “true” effect, as should be expected with
the enhanced difference in the effect SNP frequency between cases and controls, and would require
appropriate adjustment, as demonstrated in the results in Section 3.3.3. This study’s simulations
imply that the adjustment may be simplified by the fact that the bias magnitude was found to be
proportionate to the associated SNP effect size. Many GWASs association software packages offer
automated covariate bias correction [248, 249, 257–259] and allow for additional scripting.

Not every GWAS will be able to find a sufficient number of youngest cases, as this study used as
the basis of comparisons. However, due to a close to exponential rise in the incidence rate with age for
most LODs at initial onset ages [1], the case cohorts can be formed at a somewhat older age or with
a wider cohort span, with a correspondingly somewhat smaller improvement in GWASs’ discovery
power. For all LODs analyzed, a majority of the population would remain disease-free at the ages of
80 and 90 years, with sufficient survivorship to provide a large pool of older controls.

The results of this study are based on idealized simulations assuming that the gene–environment
interaction, including the organism deterioration caused by the aging process, follows Cox’s propor-
tional hazards model. The population in these simulations is homogeneous in all respects, while a
practical GWAS would always have a varying degree of population diversity and nonhomogeneity
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that must be accounted for and addressed in a GWAS’ quality control and study design [260]. Ad-
ditionally, younger patients may be confounded by other health and environment conditions; for ex-
ample, Boehme et al. [100] showed that concomitant with T2D diagnoses, other LOD incidences may
be shifted toward younger ages: by on average 20 years earlier for hypertension, followed by eight
years earlier for coronary heart disease onsets, and four years earlier for stroke onsets. Lee et al. [261]
linked T2D with earlier or more severe AD manifestation. Studies by Song et al. [185] and Langenberg
et al. [245] indicated that the multiplicative (Cox’s) model is applicable in SNP-by-SNP and SNP-by-
environment interactions corresponding to the above examples, yet young cases’ quality control may
require higher diligence. While these concerns apply to age-matched and youngest possible cases–older
controls study designs, the advantage of the latter scenario may be realized to a varying degree in the
practical GWASs.

A concept that deserves mention is the effect known as genetic innovation—the idea that certain
variants may have a greater effect in older individuals. The concept is most researched in psychia-
try, where it is observed primarily during human development; for example, studies of symptoms of
anxiety and depression [262, 263] demonstrated genetic innovation effects “coming on line” at ages
8–9, 13–14, 16–17, and 19–20, intermixed with phases of the opposite effect called “attenuation”. A
review [264] estimated genetic innovation for a range of developmental stages and psychiatric pheno-
types. Research is ongoing into mechanisms like methylation with age [265] and modulation with age
in transcriptome and exon splicing [266] that may influence DNA configuration and gene expression,
and as a result, influence the causal for LODs SNP effect sizes. An interesting approach to finding
SNPs associated with hypertension treatment (reminiscent of this study design, except studying a
trait quantitatively rather than an LOD diagnosis), where participants were grouped into 10-year
cohorts between 20 and 80 years of age, allowed the discovery of mildly protective SNPs [267, 268]. As
was reviewed in the Introduction, there is a strong theoretical and experimental consensus regarding
multiplicative gene–environment genetic interaction explaining the incidence of the diseases analyzed
here. Hypothetically, a younger cases–older controls study design with proper quality control may also
help to settle the existence of the genetic innovation SNPs when performing routine LOD GWASs,
and if promising SNPs were discovered, fine-tune the case–control ages and age direction for more
precise determination.

3.5 Conclusions

The simulation results demonstrated that GWASs of the polygenic LODs that display both high
cumulative incidence at older ages and high initial familial heritability will benefit from using the
youngest possible participants. Moreover, GWASs would benefit from using as controls participants
who are as old as possible. This may allow for an additional increase in statistical discovery power
thanks to achieving a greater difference in risk allele frequency between cases and controls.
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A3.6 Appendix: Supplementary Figures
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Figure A3.5: Advantage of using youngest possible cases and increasingly older controls compared to
classical age-matched cohorts. (A) Relative increase in number of cases needed for 80% discovery power in
a cohort study using progressively older case and control cohorts of the same age. (B) Relative decrease in the
number of cases needed for 80% discovery power in a cohort study using progressively older control cohorts
compared to fixed-age young-case cohorts. The youngest age cohort for each LOD is defined as the mid-cohort
age at which the cumulative incidence for a cohort first reaches 0.25% of the population. Therefore, the leftmost point
on each LOD line is the reference (youngest) cohort, and as cohorts age, the cohort case number multiple required to
achieve 0.8 statistical power is relative to this earliest cohort. While all alleles display a different magnitude of cases
needed to achieve the required statistical power, the change in the multiplier with age is almost identical for all alleles
within a given genetic architecture scenario.
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Figure A3.6: GWAS association simulations: OR bias progression with control cohort age increasing
against the constant youngest possible case cohort. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral
stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer.
Common, low-effect-size alleles, showing two SNPs—with the largest and the smallest effect—for each LOD. The OR
increase (bias) with mid-cohort age progression implies a power of ∆Age from age-matched youngest cohort. The
confidence intervals are not displayed on this plot for illustration purposes; they are displayed in Figure A3.7, showing
the same data in effect size units.
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Figure A3.7: GWASs association simulations: relative effect size bias progression with control
cohort age increasing against the constant youngest possible case cohort. (A) Alzheimer’s disease,
(B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G) col-
orectal cancer, (H) lung cancer. Common, low-effect-size alleles, showing two SNPs—with the largest and the smallest
effect—for each LOD. The confidence interval bars correspond to two-sigma (95%) confidence from the GWASs’ logistic
regression association. The OR increase with mid-cohort age progression implies a power law relative to ∆age. This
plot implies the LOD SNP age bias and corresponding adjustment value are proportionate to the SNP effect size.
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Figure A3.8: GWASs association simulations: characterizing the age bias adjustment maintain-
ing “true" OR with control cohort age progression (quadratic: ∆T 2). (A) Alzheimer’s disease,
(B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G) col-
orectal cancer, (H) lung cancer. Common, low-effect-size alleles, showing two SNPs—with the largest and the smallest
effect—for each LOD. The confidence interval bars correspond to two-sigma (95%) based on standard error of linear
regression fitting. This plot depicts the adjustment proportionate to square of ∆t = t − TY - relative age from the
youngest cohort mid-cohort age for the normalized bias of the effect size β calculated ∆β/β.





4. Quantifying the Potential for Future Gene
Therapy to Lower Lifetime Risk of Polygenic

Late-Onset Diseases

This chapter is adapted from:
Oliynyk RT. “Quantifying the Potential for Future Gene Therapy to Lower Lifetime Risk of Polygenic
Late-Onset Diseases.” International Journal of Molecular Sciences, 20(13), 2019 [3].

4.1 Introduction

In the past two decades, the Human Genome Project has been officially completed. Whole genome
sequencing (WGS) and genome-wide association studies (GWASs) of human genomes (as well as
those of other organisms) have become an everyday occurrence [8]. Our knowledge of genetic variants,
particularly the single nucleotide polymorphisms (SNPs) associated with susceptibility to diseases,
has become deeper and more extensive.

Experimental gene therapy techniques, aimed at diseases caused by a single defective gene or a
single nucleotide variant—the so-called Mendelian conditions—are being refined. Mendelian conditions
cause high mortality and morbidity, but each of these conditions affects only a minute fraction of
the population. As of June 2019, the OMIM Gene Map Statistics [23] compendium has listed 6436
phenotypic genetic conditions caused by 4102 gene mutations. This list includes a variety of conditions,
with onsets ranging from very early to late. For example, type 1 diabetes mellitus is caused by single
defects in the HLA-DQA1, HLA-DQB1, or HLA-DRB1 genes [269]. Early-onset Alzheimer’s disease is
caused primarily by APP, PSEN1, or PSEN2 gene mutations and affects a relatively small proportion
of the population, starting in their thirties, with the majority of mutation carriers being affected by
the age of 65 [270]. In contrast, macular degeneration [158, 239, 240] is primarily caused by a small
number of high-effect variants and manifests at a relatively old age. In some cases, individualized
genetic diagnoses, where a single nucleotide variant that needs to be edited can be specified precisely,
are possible. Over the last two decades, 287 monogenic disease clinical trials have been conducted
worldwide [271]. When the medical technology becomes available, individuals who receive treatment
will be effectively cured and will have no need for concern about the single specific cause of their
disease.

Polygenic or complex late-onset diseases (LODs) pose a more nuanced problem, and this study will
focus on them. There are thousands of estimated gene variants or SNPs of typically small effect that, in
combination, constitute the polygenic LOD risk of each individual [15, 16]. These diseases include the

75



76
Quantifying the Potential for Future Gene Therapy to Lower Lifetime Risk of Polygenic Late-Onset

Diseases

old-age diseases that eventually affect most individuals and are exemplified by cardiovascular disease
(particularly coronary artery disease (CAD)), cerebral stroke, type 2 diabetes (T2D), senile dementia,
Alzheimer’s disease (AD), cancer, and osteoarthritis.

What distinguishes polygenic LODs from infectious diseases or from Mendelian genetic conditions
is difficulty in terms of the concept of cure. The diseases of aging are primarily a consequence of
an organism’s decline over time, leading to increased susceptibility to many LODs [96, 237, 238].
The combination of genetic liability, environmental factors, and the physiological decline of multiple
organ systems leads to individual disease presentations [157]. Detrimental gene variants are exacer-
bating factors [97], compared to the average distribution of common gene variants that define human
conditions, as they apply to polygenic LODs. The time of onset for each individual is modulated by
genotype and environment [98]. While some individuals will be diagnosed at a relatively young age,
others will not be diagnosed with a particular LOD during their lifetime [99]. According to the current
consensus, a large number of common low-effect variants offer the likeliest explanation for the heritabil-
ity of the majority of complex traits [24, 25]. For example, in the cancers analyzed in this study, the
fraction of all diagnoses that were attributed to highly detrimental inherited mutations was relatively
low—it was estimated to explain heritability connected with 10%–14% of breast cancers [104, 122],
10%–12% of prostate cancers [123–126], 5%–10% of colorectal cancers [120, 127], and was assumed to
be a relatively minor fraction for lung cancers [128–130]. For the majority of these cancers, liability
is attributed to the common low-effect gene variants and environmental factors. The development of
cancer is a multistage process, wherein individual variability in any tumorigenesis stage duration or
liability may be influenced by hereditary predisposition, as well as environmental factors [131]. The
level of susceptibility to the major polygenic LODs, and the difference between high-risk and low-risk
individuals, may lie in a slightly higher- or lower-than-average fraction of detrimental gene variants.
Certainly, the failure does not begin immediately prior to the age of diagnosis. For example, AD dete-
rioration begins decades before symptoms first become noticeable [272]. A similar situation holds for
cardiovascular disease [273, 274] and cancer [275].

The best cure is prevention, and the time may be nearing when prophylactic gene therapy will
be attempted for the prevention of complex polygenic diseases. For gene-editing therapies to have
population genetic consequences, such therapies would have to cause heritable changes that are passed
from generation to generation. A concise summary of current gene-editing therapies and knowledge is
included in the Introduction 1.1.2, and the review there leads to the conclusion that much scientific
knowledge and technical expertise are required and many ethical questions will need to be settled
before the level of preventive gene therapy required for germline prophylaxis of polygenic diseases
can become possible. Such knowledge and expertise may take decades to gain. Thus, in this research,
the hypothetical consequences of heritable germline gene therapies were analyzed contingent on the
technologies becoming available, without trying to guess their specifics, and it is provisionally assumed
that each beneficiary of such simulated therapy would develop from a precisely edited zygote.

Changes in lifestyle and medical care, including the prevention and treatment of infectious diseases,
have extended longevity over the last century, and this trend is projected to continue. This increased
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longevity is partly due to medical advances, helping people to live and function decades after first being
diagnosed with historically deadly or debilitating illnesses. Preventive gene therapies may also become
a future factor in prolonging health span. Actuarial science has tracked human mortality trends for
centuries. The Gompertz–Makeham law of mortality, which was established more than 150 years ago,
depicts an exponential increase in the rate of human mortality after the age of 30 [276, 277]. While
the parameters of the Gompertz–Makeham law continue to be adjusted, the principle remains valid.
The apparent squaring of the mortality curve—the so-called compression of morbidity and mortality
into older ages—implies that the maximum human lifespan is likely limited to about 120 years of
age [278–280].

Within the next few decades, gene therapy techniques and genetic knowledge may sufficiently
advance to support prophylactic gene therapy to prevent late-onset diseases. It may be timely to
evaluate the extent of the effects that future gene therapies may have on delaying the onset of LODs
or preventing them entirely.

The goal of this study is to establish how the proportional hazards model and multiplicative
genetic architecture can be used to map the polygenic risk to hazard of succumbing to common late-
onset diseases with advancing age and apply this mapping to quantify the effects of hypothetical
future prophylactic gene therapies. As its foundation, this study used earlier research [1], which re-
viewed epidemiology, heritability, and polygenic risk models, and developed a simulational basis for
the analysis of eight of the most common diseases: AD; T2D; cerebral stroke; CA; and breast, prostate,
colorectal, and lung cancers. Computer simulations in this study quantified the correlation between
the aging process, the polygenic risk score (PRS), and the change in the hazard with age—using as
inputs the clinical incidence rate and familial heritability—and estimated the outcomes of hypotheti-
cal future prophylactic gene therapy on the lifetime risk and age of onset for these eight LODs, they
also estimated the lifetime risk increase associated with longevity gains.

4.2 Results

4.2.1 Characteristics of the Aging Coefficient

The clinical incidence rate pattern was used to map the hazard from the PRS of individuals diagnosed
with an LOD at each year of age for eight LODs: AD; T2D; cerebral stroke; CAD; and breast, prostate,
colorectal, and lung late-onset cancers. Knowledge of the hazard for any given PRS value at any given
age (the aging coefficient) is what is needed for further calculations and simulations modeling gene
therapy and the effects of life expectancy increases. The aging coefficients were discovered for these
LODs, as described in the Methods section “Aging coefficient discovery simulation steps”, and can be
seen in Figure 4.1.
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Figure 4.1: Aging coefficients reflect increases in late-onset disease (LOD) liability with age, based on
the clinical incidence rate and model genetic architecture polygenic risk score (PRS). (A) Alzheimer’s
disease (AD), (B) type 2 diabetes (T2D), (C) cerebral stroke, (D) coronary artery disease (CAD), (E) breast cancer,
(F) prostate cancer, (G) colorectal cancer, and (H) lung cancer.

It is interesting to note how the magnitude of the aging coefficient changes with age for the
analyzed diseases. The range of values spanned by the aging coefficient and its maximum value,
seen in Figure 4.1A, is larger for AD than for all other analyzed LODs. This can be ascribed to
two factors that distinguish AD: (1) The steepest rise of incidence rate and cumulative incidence;
and (2) the highest heritability of the reviewed LODs, resulting in the highest variance according
to our genetic architecture model. This larger variance results in more extreme values of high and
low PRSs in the population and, therefore, the age coefficient multiplier is necessarily the smallest
at young onset ages; with the opposite being true at older ages. T2D, CAD, and stroke show a
comparatively moderate progression and maximum projected aging coefficient values, while cancers
still show a smaller maximum magnitude. Lung cancer possesses both the lowest heritability and the
lowest cumulative incidence and, consequently, the values discovered by simulation for the lung cancer
aging coefficient (seen in Figure 4.1H) almost precisely match its incidence rate. In a limit case of an
LOD characterized by a PRS that remains constant with age and a very low incidence rate, the aging
coefficient should be identical to the incidence rate.

4.2.2 Longer Life Expectancy Corresponds to Increasing Lifetime Risk

The modeled increased life expectancy in the baseline scenario, without prophylactic gene therapy, is
displayed in Figure 4.2. This analysis corresponds to the baseline incidence rate, represented by the
blue line in Figure 4.3. All analyzed LODs show a significant lifetime risk increase with every five
years of life expectancy extension. This is most prominent with AD, the incidence of which nearly
triples with an extension of life expectancy of 15 years, while the incidence rate less than doubles for
the rest of the LODs. The incidence rate density (as seen in Figure A4.5) shows the relative incidence
increasing while the peak of incidence shifts toward older ages.
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Figure 4.2: Projected LOD cumulative incidence and lifetime risk increase for life expectancy in-
creases of 5, 10, and 15 years (baseline without gene therapy). (A) Alzheimer’s disease, (B) type 2 diabetes,
(C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G) colorectal cancer, and (H)
lung cancer. This is the baseline scenario, without gene therapy or other health improvements for the plotted LOD. It
represents the case where life expectancy increases due to causes other than the plotted LOD. Lifetime risk (lifetime
cumulative incidence) corresponds to the lifetime (rightmost) values of the plots.
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Figure 4.3: LOD incidence rate patterns, baseline and after emulated gene therapy. (A) Alzheimer’s
disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer,
(G) colorectal cancer, and (H) lung cancer. All individuals in the population had emulated corrective gene therapy
editing of, on average, 15 single nucleotide polymorphisms (SNPs) (corresponding to an odds ratio (OR) multiplier of
0.25).

4.2.3 Lifetime Risk Estimates for Discrete Hazard Ratio Multiples

Having the aging coefficient, it is easy to recalculate lifetime incidence risk for a range of hazard ratios
(HRs). Population mortality is one of the principal limiting factors on the lifetime risk of an LOD,
and shifting the mortality curve (and, thus, emulating longer life expectancy) reveals how incidence
rate and lifetime risk would change if life expectancy were to increase.
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Figure A4.6 shows a grid display with HR ranging from 16.0 to 0.0625 and average life expectancy
varying from baseline to extended up to 15 years. The results of these calculations show that the
lifetime risk is proportionate to the HR, as long as lifetime risk is relatively low (below 50%) for all
reviewed LODs, even though they display quite varied incidence patterns. Lowering the HR, through
gene therapy or other means, implies proportionately lowering the lifetime risk, assuming life ex-
pectancy remains constant, as summarized in Table 4.1. For instance, lowering the HR four-fold is
accompanied by a four-fold (or 400%) drop in lifetime risk. The only exception is AD, for which the
lifetime risk decreases at a slower-than-proportionate rate—a possible explanation could be the near-
exponential incidence rate increase to very advanced ages for AD, while all other LODs analyzed here
can be approximated by a flattened or linear progression at a more moderate old age [1]. Figure A4.6
shows a dramatic increase in the lifetime risk of LODs with every five extra years of life expectancy.
Evidently, with increased life expectancy, the projection approaches certainty for higher HRs and
increasing life expectancies. This is most prominent for AD and T2D, which can be explained by the
high heritability and high later-age prevalence of these LODs, leading to a significantly higher risk
that individuals will become ill earlier. Furthermore, at an advanced age, the remaining lower-risk
individuals are those who constitute the majority of incidence cases [1]. As a result, the modeled
high-PRS individuals show improvement in delaying the statistical disease onset, while the lifetime
risk may remain almost as high.

The application of the aging coefficient and life expectancy increases makes it simple to estimate
the onset delay if the PRS were changed, as in the case of prophylactic gene therapy. Tables 4.2
and 4.3 show the values of shifts in the onset delay on the cumulative incidence slope, at 30% of the
lifetime risk and for the full lifetime risk, respectively. Emulating longer life expectancy raises lifetime
risk, and we see a more complex picture than a mere proportionate decline in risk, depending on the
incidence and heritability patterns for each LOD. The AD lifetime risk exceeded the baseline within
approximately 1–4 years of longer life expectancy. It would take approximately 10–15 years of longer
life for T2D, stroke, and CAD to approach or slightly exceed their respective baseline lifetime risks.
In nearly all calculated scenarios, it took significantly longer than 15 years for cancers to exceed their
baseline lifetime risks.

Table 4.1: Lifetime risk corresponding to select discrete LOD PRSs (%).

Highly prevalent LODs Cancers

AD T2D Stroke CAD Breast Prostate Colorectal Lung

1.0 43.3 78.7 26.8 21.1 8.27 3.94 3.33 7.12
0.5 31.9 39.9 13.5 10.6 4.14 1.97 1.66 3.56
0.25 22.0 20.0 6.75 5.30 2.07 0.984 0.832 1.78
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Table 4.2: Estimate of LOD onset delay of incidence slope at 30% of lifetime risk (values in years).

Highly prevalent LODs Cancers

AD T2D Stroke CAD Breast Prostate Colorectal Lung

16.0 → 4.0 4 7 10 10 21 17 13 10
4.0 → 1.0 3 12 13 14 31 16 16 20
1.0 → 0.25 4 13 11 16 37 21 19 16

Table 4.3: Estimate of LOD onset delay for lifetime risk (values in years).

Highly prevalent LODs Cancers

AD T2D Stroke CAD Breast Prostate Colorectal Lung

16.0 → 4.0 1 0 2 3 >40 19 24 21
4.0 → 1.0 2 9 14 12 >40 28 34 >40
1.0 → 0.25 3 20 17 14 >40 29 35 >40

Reviewing the first four LODs in the first row and, to a lesser extent, AD and T2D in the second
row of Table 4.3, it is noticeable that for high PRS values (i.e., 16.0 and 4.0) the response was lower
than for the final row and also lower than for the slope onset delay in Table 4.2. Figure A4.6 shows that
the likelihood of becoming ill is modeled as a near certainty for these values. The simulation results
of aggregating outcomes for the population in the following section provide additional generalization
and confirmation of these patterns.

4.2.4 Results of Simulated Gene Therapy Lowering Population PRS

The results of this simulation show an improved (lower) incidence rate after treatment, as is shown in
Figure 4.3; and a corresponding decrease in lifetime risk, as presented in Figure 4.4. Figure 4.4 also
serves as a good qualitative illustration of the results of the previous section. Comparing the baseline
(blue line) to therapy, with life expectancy (green line) held constant, shows a significant improvement
in both the lifetime risk and age of onset for all LODs. The lifetime risk is lower for all LODs and
shows a delay of approximately a decade in the incidence rate curve for T2D, stroke, and CAD.
AD benefited the least, and cancers showed the most significant improvement. Table 4.4 illuminates
the results detailed earlier from a slightly different perspective. With life expectancy unchanged, the
lifetime risk decreased by 30% or more for AD and T2D, by more than 66% for colorectal and lung
cancer, and by 50% or more for the remaining four LODs.

Emulating longer life expectancy resulted in increased lifetime risk. The AD lifetime risk exceeded
the baseline within approximately 3 years of longer life expectancy. It took 15 years of longer life
for T2D, stroke, and CAD to approach or slightly exceed their respective baseline lifetime risks.
Nevertheless, even with longer life expectancies, the onset remained delayed, compared to the baseline.
All cancers remained far below their baseline lifetime risks, even with a 15-year longer life expectancy.
The risk remained lower than the baseline for all analyzed cancers after an increase of 15 years in life
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expectancy, any LOD with a relatively high heritability and low prevalence should similarly benefit.
The results are summarized in Table 4.4, along with relevant LOD statistics.
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Figure 4.4: Cumulative incidence and lifetime risk following therapy reducing the population risk
fourfold. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast
cancer, (F) prostate cancer, (G) colorectal cancer, and (H) lung cancer. All individuals in the population had emulated
corrective gene therapy editing of, on average, 15 SNPs (corresponding to an OR multiplier of 0.25). Result of gene
therapy and results in increases in life expectancy of 5, 10, and 15 years. Lifetime risk (lifetime cumulative incidence)
corresponds to the lifetime (rightmost) values of the plots.

Table 4.4: LOD characteristics and lifetime risk in a range of life expectancy scenarios and with
prophylactic gene therapy lowering population PRS fourfold.

Highly prevalent LODs Cancers

AD T2D Stroke CAD Breast Prostate Colorectal Lung

Literature and clinical data:
Heritability 0.795 0.69 0.41 0.55 0.31 0.57 0.40 0.10
Max yearly incidence rate >20% 2.5% 3.6% 4.4% <0.5% <0.8% <0.6% <0.6%
Genetic model SNP count 3575 2125 625 1175 600 1250 400 100

Lifetime risk, baseline + longer life:
+5 years life expectancy 160% 112% 128% 127% 115% 123% 127% 128%
+10 years life expectancy 228% 123% 156% 155% 130% 147% 156% 156%
+15 years life expectancy 293% 134% 184% 184% 146% 172% 187% 186%

Lifetime risk, odds ratio (OR) 0.25
therapy versus baseline:
Therapy, unchanged life expectancy 70% 67% 44% 50% 30% 41% 31% 27%
Therapy, +5 years life expectancy 124% 77% 61% 69% 36% 52% 40% 34%
Therapy, +10 years life expectancy 191% 88% 81% 89% 41% 65% 51% 43%
Therapy, +15 years life expectancy 260% 98% 101% 112% 47% 77% 62% 52%

LODs’ heritability and clinical incidence are discussed in the Methods section. The baseline is considered 100% for
lifetime risk comparisons; 160% after a 5-year life expectancy extension, because AD indicates an increase in lifetime
risk (LR) by 1.6 times; and 50% after gene therapy which means half the LR, compared to the baseline value. Genetic
model single nucleotide polymorphism (SNP) count is the number needed for the common low-effect genetic architecture
to achieve each LOD heritability.
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4.3 Discussion

For the purposes of this hypothetical treatise, it was assumed that it is possible to precisely identify
individual gene variants and their detrimental or beneficial effects, then, use gene therapy to modify a
large number of detrimental variants. Rather than analyzing arbitrary synthetic choices of heritabil-
ity and disease incidence progressions, eight LODs were chosen as a case study. Using this approach
allowed to relate the findings to some of the highly prevalent LODs that cover the broad spectrum of
heritability and disease incidence patterns and—while keeping in mind that the results are a model
view, with each of the reviewed LODs certainly possessing deeper specific causal mechanisms—it al-
lowed to make generalizations about lifetime risk changes if the LOD risks were lowered by some
intervention, in this case, by gene therapy. This hypothetical gene therapy model was applied to es-
timate what would happen to LOD progression as the population ages. Conceptually, gene therapy
here does not consider additions of artificially designed genomic sequences, but rather, only correc-
tions made to typically low-effect heterozygous in-population gene variants, that is, a correction of a
detrimental variant to a naturally occurring neutral state. For the sake of simplicity, the model used
SNP distributions, though the same would apply (albeit with a higher degree of complexity) to gene
therapy using other gene variant types.

This study does not evaluate potential obstacles due to pleiotropy, defined for the purposes of
gene therapy as the possible negative effect on other phenotypic features of any attempt to prevent
an LOD by modifying a subset of SNPs [90, 91]. The high-risk individual PRS is caused by numerous
variants. In this model, these are normally distributed in the population. There is a relatively small
difference in the absolute number of detrimental alleles between the population average and higher-
risk individuals. Arguably, for the purpose of personalized prophylactic treatment, it will be possible
to select a small fraction of variants from a large set of available choices (as seen in Table 4.4) that
do not possess antagonistic pleiotropy, or perhaps even select SNPs that are agonistically pleiotropic
with regard to some of the other LODs.

Applying the modeled aging coefficient to evaluate the impact of longer life expectancy on lifetime
risk confirms the long-standing observation that aging itself is the predominant risk factor for many
late-onset diseases and conditions. The calculations applying the discovered aging coefficient to the
discrete hazard ratio values showed a delay in onset incidence for all analyzed LODs. The lifetime
risk decreased in proportion with a decrease in hazard ratio, as long as the absolute value of lifetime
risk remained low. With the introduction of an emulated life expectancy increase, the lifetime risk
increased. The lifetime risk increase with age was most prominent for AD. In those countries with
longer life expectancy, the lifetime risk of AD is usually higher, as was demonstrated by Wu et al.
[210], using the example of Japan. These results confirm, once more, that if mortality from all causes is
lower (resulting in a longer life expectancy), AD is an LOD that exhibits a rapid rise in advanced-age
prevalence. It would be difficult to limit the prevalence of AD, which is delayed only by approximately
3 years with the modeled level of therapy. AD may require a higher number of gene edits, likely
postponing the possibility of more effective treatment to a point even further in the future; yet, any
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improvement would be welcome. It is possible that a pharmaceutical intervention targeting a causal
metabolic pathway or immune or inflammatory response may be more effective for AD, although past
announcements that generated false hope regarding breakthroughs through these kinds of approaches
are too numerous to cite.

The Framingham General Cardiovascular Risk Score included age as one of the major risk factors
for stroke and CAD [281]. Boehme et al. [100] showed a similar pattern for T2D, which the results of the
current study were in agreement with. For T2D, stroke, and CAD, lifetime risk will regain pretreatment
baselines within 10 to 15 years of longer life, which is equivalent to delaying the average onset age of
these LODs by as many years. Based on heritability and incidence rate combinations, prophylactic
gene therapy holds the potential to bring significant and longer-lasting benefits for cancer prevention,
even with a similar or smaller number of edited gene variants than for the more prevalent diseases. The
potential limitation of this study is the possibility that GWAS (and other future techniques) will have
difficulties in finding a sufficient number of common low-effect SNPs to decrease the disease liability to
the level simulated in this research, or that gene-environment effects will not follow Cox’s proportional
hazards model [26, 27] for some of the late-onset polygenic diseases. The likeliest candidate is lung
cancer, which has the lowest heritability and is the most environmentally affected of all cancers
reviewed here. For lung cancer, addressing the polygenic risk of smoking [282], as well as genetically
influenced carcinogenicity of smoking on an individual level [121] and environmental improvements
may allow for similar amelioration of disease liability. Additionally, when such advanced gene therapy
technologies become available, preventing monogenic, highly detrimental variants will be simple, and
the combination of therapies can bring about even more substantial improvements in both individual
and population-wide health outcomes.

Gene therapy simulation scenarios analyzing population statistics showed decreases in LOD in-
cidence and delays in LOD onset. These simulations also showed the increase in lifetime risk with
emulated longer life expectancy. Such estimates may be important for evaluating population health
and well-being and the potential financial impact on healthcare systems. The estimates in this study,
based on the proportional hazards model and multiplicative genetic architecture using the aging co-
efficient, allowed for an estimation of these effects accounting for a model genetic architecture of the
LODs, rather than a more simplistic calculation based primarily on the statistical shape of the inci-
dence rate progression. In a study, aptly titled “Projections of Alzheimer’s disease in the United States
and the public health impact of delaying disease onset" by Brookmeyer et al. [102], it was estimated
that an intervention that achieved a two-fold AD hazard ratio decrease would shift the exponential
rise curve of AD by five years, leading, in the long term, to a twofold decline in the cumulative in-
cidence and prevalence of AD when accounting for mortality. The simulation reflecting age-related
change in PRS distribution demonstrated that the positive effect on the lifetime risk of AD would be
significantly lower than projected by the above study, in the case of preventive gene therapy. While
AD has emerged as one of the most difficult diseases to prevent, LODs with low cumulative incidence,
such as cancers, exhibit enduring improvement under this model.
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Even though each LOD was analyzed independently in this study, prioritizing certain LODs for
preventive therapy, in practice, could have a significant effect on other conditions not specifically
targeted for treatment. For example, T2D is one of the diseases that causes the most comorbidities,
accelerating the onset of cardiovascular and other diseases, sometimes by decades [100]. For this reason,
preventive treatment of T2D could mean improvements in health or delays in the presentation of a
range of LODs, either independently of or in addition to treating their specific gene variants.

4.4 Methods

4.4.1 Conceptual Summary

This section briefly summarizes the concepts of the earlier research [1] used as a foundation for this
study. The subsequent sections will describe this study’s simulation flow and implementation.

4.4.1.1 Cox’s Proportional Hazards Model

According to Chatterjee et al. [27], the conditional age-specific hazard of the disease,H(t|G), defined as
the probability of developing the disease at a particular age t given that a subject has been disease-free
until that age, can be modeled using Cox’s proportional hazards model [26]:

H(t|G) = H0(t)· exp(
∑
k

bkGk), (4.1)

representing the multiplicative effect of a set of risk factors G = (G1, ..., Gk) on the baseline hazard of
the disease H0(t). The set of age-independent variables Gk could include genetic and environmental
risk factors, as well as their interaction terms.

According to Chatterjee et al. [27], if it can be assumed that environmental risk factors are inde-
pendent of the SNPs, the “post-GWAS epidemiological studies of gene-environment interactions have
generally reported multiplicative joint associations between low-penetrant SNPs and environmental
risk factors, with only a few exceptions." This means that the genetic risk Gu =

∑
k bkGk, as the

lifelong characteristic of each individual u, is used multiplicatively with H0(t), which encompasses
environmental and aging effects.

The simulations in this study operate on model genetic architectures of the analyzed LODs,
not a complete GWAS map of their experimentally discovered SNPs, because GWAS-discovered
sets can explain only a fraction of the heritability of these LODs. These model genetic architec-
ture SNPs are treated as “true” causal for disease liability and heritability variants, as discussed in
Chatterjee et al. [27], contrary to GWAS-linked SNPs—and it is assumed that they can be accurately
identified for the purposes of personalized gene therapy.
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4.4.1.2 Allele Distribution Models

The allele distribution models were based on [28, 171]. The allele scenarios were implemented in
the simulations identically to those in the earlier research [1], see Section 2.2.2 for a comprehensive
description.

The common allele low effect size genetic architecture model (Scenario A, Table 4.5) was expected
to be most suitable for explaining the heritability of the analyzed LODs, and all results were reported
using this scenario. For verification, all simulations were also performed using a more extreme rare
allele medium effect size model (Scenario B, Table 4.5), and the results for lifetime risk were essentially
identical to those in Scenario A. Any material difference in the results would have warranted additional
investigation. As the results did not differ materially, separate figures are not presented for Scenario
B—the corresponding simulation data are available in [173]. The number of variants needed for the
Scenario A LODs is summarized in the Results section.

Table 4.5: Genetic architecture scenarios with modeled allele frequencies and effect sizes.

Scenario MAF Range OR Range MAF Values Allele OR Values

A. Common low 0.073–0.499 1.05–1.15 0.073, 0.18, 0.286, 0.393, 0.5 1.05, 1.075, 1.1, 1.125, 1.15
B. Rare medium 0.0146–0.0998 1.28–2.01 0.0146,0.036,0.0572,0.0785,0.0998 1.28,1.463,1.645,1.828,2.01

To build the genetic architecture, minor allele frequencies (MAFs) and odds ratios (ORs) were chosen using 25 possible
combinations of the values in the table. Following Pawitan et al. [28], the variants were assigned to individuals with
frequencies proportionate to MAF pk for SNP k, producing, in accordance with the Hardy–Weinberg principle, three
genotypes (AA, AB, or BB) for each SNP, with frequencies p2k, 2pk(1− pk), and (1− pk)2, respectively, resulting in the
normal distribution of the individual risk ORs.

4.4.1.3 LOD Incidence Rate Functional Approximation

The incidence rate functional approximations and source data are detailed in Chapter 2.2.4 adopted
from [1], see Section 2.2.4 for a comprehensive description. The yearly incidence rate logistic and
exponential regressions for the functional approximation of the LODs, based on the available clini-
cal incidence statistics, are illustrated in Figure 2.1. The logistic approximations were used for all
LODs except breast cancer, for which the exponential followed by linear regression more accurately
approximated the incidence rate pattern.

4.4.2 The Aging Coefficient: Mapping PRS to Age-Dependent Probability of
LODs

Earlier research [1] showed that the incidence rates for these LODs increase as individuals age and,
statistically, the PRSs of individuals diagnosed at older ages decline. Following the multiplicative model
of PRS and environmental effects, from a statistical perspective, two processes are balancing disease
incidence—the aging or environmental effect increases the average susceptibility of the population,
and this makes it more likely that older individuals will become ill. Individuals with higher PRSs are
more likely to become ill and, with higher incidence rates, a larger fraction of these individuals have
already become ill with every additional year of age and are therefore excluded from the high-risk pool
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for the following years of age. The aging process continues, as reflected in the incidence rate rising or
remaining high in subsequent years.

Statistically, individual PRSs and environmental effects including aging affect the probability of a
person becoming ill [27]. According to Cox’s proportional hazards model [26], in every year of age, each
individual can be assigned a hazard ratio which describes that individual’s risk of being diagnosed
with an LOD. The goal is to uncover the mapping between PRSs and individual hazard on a yearly
basis:

Hu(t) = A(t) · exp(βu), (4.2)

where Hu(t) is the hazard to become ill of a u-th unaffected individual at t-th year of age. The PRS
βu remains constant for each individual for life, and the multiplier A(t)—an equivalent of the Cox’s
baseline hazard H0(t) in Equation (4.1)—drives the age-related increase in LOD incidence. A(t) will
be called the “aging coefficient” throughout this publication.

It may be possible to map or “discover” A(t) by applying the yearly incidence rate in a population to
the PRS distribution, based on an LOD genetic allele architecture, through the population simulation
flow described in the next section. The discovered A(t), then applied to the population simulation on
a yearly basis, should precisely reproduce the initial LOD incidence rate pattern. Later, building a
population with a modified PRS to emulate the effect of gene therapy and simulating aging of this
population by applying A(t), it will be possible to find the corresponding incidence rate and other
resulting statistics.

In addition to the age-related change in the PRS distribution described above, the aging coefficient
automatically incorporates other miscellaneous environmental effects that accumulate with age, as
these are all reflected in the yearly incidence rate.

A useful parameter in the simulation and analysis is the incidence rate density D(t), which depicts
LOD incidence contributions relative to the initial population count at yearly increments, adjusted
for mortality:

D(t) = I(t) · S(t), (4.3)

where I(t) is the yearly incidence at age t, and S(t) is the survivor rate from the US Social Security
Actuarial Life Table [187]. Integrating the area under the curve, or summing up discrete yearly values,
corresponds to an LOD cumulative incidence C(T ) up to age T :

C(T ) =

T∑
t=1

D(t), (4.4)

the limit or lifetime value equals the lifetime risk when T = Tmax – the maximum lifespan.
The comprehensive description of the simulation steps, procedures, validation, and statistical anal-

ysis is available in Addendum A4.6.2.1.

4.4.3 Data Sources, Programming, and Equipment

The population mortality estimates from the US Social Security Actuarial Life Table [187] provide
annual death probability and survivor numbers, up to 119 years of age, for both men and women.
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Disease incidence data were obtained from the following sources: Alzheimer’s disease [102, 188–
190], type 2 diabetes [100], coronary artery disease and cerebral stroke [101], and cancers [103, 191].

The simulations were performed on an Intel Xeon Gold 6154 CPU-based 36-core computer system
with 288GB of RAM. The simulation was written in C++, and the source code can be found in [173].

The final simulation data, additional plots, R scripts, and executables are also available in [173].
Intel Parallel Studio XE was used for multithreading support and the Boost C++ library for faster
statistical functions—the executable can be built and function without these two libraries, with a
corresponding slowdown in execution.

4.5 Conclusions

In this study, computer simulations mapped polygenic risk to the hazard of being diagnosed with
eight common LODs, based on their known heritability and incidence rates, under the proportional
hazards model and multiplicative genetic architecture. The resulting mapping—the aging coefficient—
was used to quantify the population effects of the emulated prophylactic gene therapy, alongside
longevity increases. Computer modeling and simulations deal with simplifications and generalizations
of biological processes, and aim to make predictions about the behavior of the modeled systems
when modifying parameters of a model, the conclusions of this study are made in such context. The
conclusions of this study are contingent on progress in molecular genetics identifying a sufficient
number of true causal SNPs for a particular LOD on an individual basis, gene editing technologies
becoming capable to safely provide such a level of therapy, and prophylactic gene therapies successfully
passing clinical trials and obtaining the approval of governmental agencies.

The intensive gene therapy simulated here could dramatically delay the average onset of the
analyzed LODs and reduce the lifetime risk of the population. The simulations highlighted that the
magnitude of familial heritability and cumulative incidence patterns distinguish the outcomes for the
analyzed LODs when subjected to the same PRS decrease. This outcome can be characterized by the
delay in LOD onset, that is, the estimate of the number of years it would take for each LOD to regain
the pretreatment baseline level.

In summary, if gene therapy, as hypothesized here, were to become possible, and if the incidence of
the treated diseases followed the proportional hazards model with multiplicative genetic architecture
composed of a sufficient number of common low effect gene variants, then (a) late-onset diseases
with the highest familial heritability will have the highest number of variants available for editing;
(b) diseases with the highest current lifetime risk, particularly those with the highest incidence rate
continuing into advanced age, will be the most resistant to attempts to lower the lifetime risk and delay
the age of onset at a population level; (c) diseases that are characterized by the lowest lifetime risk will
show the strongest and longest-lasting response to such therapies; and (d) longer life expectancy is
associated with a higher lifetime risk of these diseases, and this tendency, while delayed, will continue
after the therapy.
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A4.6 Appendix: Supplementary Figures and Chapters

A4.6.1 Supplementary Figures
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Figure A4.5: Baseline (without gene therapy) population cumulative incidence rate density. (A)
Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F)
prostate cancer, (G) colorectal cancer, (H) lung cancer.
The area under the curve is equal to the lifetime risk for each scenario, accounting for mortality. Projected LOD inci-
dence rate relative to the number of individuals at birth, baseline, and scenarios with life expectancy increased by 5,
10, and 15 years. This is the baseline scenario without gene therapy or other health improvements for the plotted LOD.
This represents the case where life expectancy increases due to causes other than the plotted LOD.
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Figure A4.6: Matrix display of cumulative incidence and lifetime risk for discrete hazard ratio values.
(A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F)
prostate cancer, (G) colorectal cancer, (H) lung cancer.
This figure shows the matrix of calculated cumulative incidence for discrete hazard ratio (HR) values relative to the pop-
ulation mean, and cumulative incidence increase in 5-year life expectancy increments. Lifetime risk (lifetime cumulative
incidence) corresponds to the lifetime (rightmost) values of the plots. For lower HRs, the lifetime values equal to the
lifetime risk are almost precisely proportionate to the HR multiple (note the scale change), while the age progression
curve for each HR value shifts toward older ages. This shift is most prominent for the highest incidence LODs; the
change in scale moving from higher to lower HRs visually masks the shift appearance.
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A4.6.2 The aging coefficient simulations

A4.6.2.1 Simulation Steps in Discovering LOD Aging Coefficients

(1) The simulation initialization steps are performed, including allocating population objects,
assigning individual PRSs based on the modeled genetic architecture, and building an incidence rate
functional approximation.

(2) The simulation works as an iterative procedure, where the values of A(t) are matched at
advancing ages, starting at the age at which the incidence rate first becomes noticeable for an LOD,
denoted as t = T0. The initial value is relatively immaterial, and each simulation begins with the value
A(T0) = 0.001, The iterative process, by following steps 3 and 4, rapidly finds a close match value.
For instance, in the case of AD, age T0 = 39 years, I(39) = 2.06· 10−6, and the resulting A(39) =
5.85· 10−9. A(t) discovery for the next year commences with the value for the previous year and as a
result requires slightly fewer iterations to find the match.

(3) As the A(t) value is applied to all individuals’ PRSs, a first estimate of each individual hazard
for this year is produced. Based on the resulting probabilities, a number of individuals will be diagnosed
at age t. This number is simply Nd(t) = I(t) · Nu(t − 1), where Nu(t − 1) is the remaining healthy
population in a previous year, and Nd(t) is the number of individuals expected to be diagnosed this
year.

(4) The simulation verifies how well the result matches the expected incidence rate for the LOD
at this age, and a better-matching approximation value is recalculated and reapplied to step (3). This
process will iterate steps (3) and (4) until a predetermined level of accuracy is achieved, with the aim
of attaining 0.1% reproduction accuracy for ages with significant incidence rates.

(5) This cycle of steps (3) and (4) is then rerun a predetermined number of times (with 10
repetitions being the default), with iterations alternatively commencing with a value A(t) 10% above
and below the previously determined value to account for a potential determination bias. The results
of these reruns are averaged, and the resulting variance is evaluated and recorded.

(6) The validated aging coefficient A(t) from step (5) is then applied to the step (3) operation one
final time in order to sample the individuals diagnosed at this age out of the population. Statistically,
the highest-PRS individuals are likelier to be diagnosed, and these individuals are excluded from the
healthy population.

(7) The age is advanced by one year, with a now-smaller population Nu(t + 1) = Nu(t) −Nd(t).
The simulation repeats steps (3)–(6) until all ages are covered—in our case, until the age of 120.

At completion, the aging coefficients that map the modeled PRS value to the individual hazard
for each year of age have been discovered.

A4.6.2.2 Calculating Cumulative Incidence and Lifetime Risk for Discrete LOD
Hazard Ratios

The cumulative incidence is determined by applying the aging coefficients found in the discovery
simulation above to a range of hazard ratio (HR) multiples relative to the population mean. As
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reported in the Results section, these calculations allow for the evaluation of how cumulative incidence
and lifetime risk correspond to hazard ratios; this is equivalent to learning what would happen if the
individual hazard ratio were changed using gene therapy (or, in principle, any intervention of a similar
effect). An R script (available in [173]) calculates the incidence for a fixed value of hazard ratio Hr
through the range of ages from 0 to 120:

I(t) = A(t)·Hr,

and Equation (4) in the main article gives the age progression of lifetime risk. The HR values used
were: 16.0, 4.0, 1.0, 0.25 and 0.0625; the script could be modified for any set of desired values.

Here, an R script takes the aging coefficient as the input and calculates the lifetime risks for PRS
= 1.0 (population mean risk), PRS = 0.5, and PRS = 0.25 and the numbers of years by which life
expectancy must increase in order for the lower PRS value to again exceed the mean population
lifetime risk, reported in the Results section for fourfold PRS changes: 16.0 → 4.0, 4.0 → 1.0, and
1.0→ 0.25.

A4.6.2.3 Simulating Outcomes of Gene Therapy Lowering Population Polygenic Risks

In this simulation, the aging coefficient discovered through the earlier simulation is applied while the
population ages, and the resulting population incidence rate and lifetime risk patterns are analyzed.
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Figure A4.7: Incidence rate pattern, baseline and after gene therapy. Prophylactically treating above-
average-risk individuals to match the polygenic risk average of the baseline population. (A) Alzheimer’s
disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer,
(G) colorectal cancer, (H) lung cancer. There is a pronounced delay in early incidence for all LODs. As a result of half
of the population having PRSs equal to what was previously the population mean PRS, statistically, a large number of
individuals are likely to become sick at relatively similar advanced age. For the four non-cancer LODs, there is a spike in
the incidence rate at a very old age, which exceeds the baseline incidence rate. The spike appears steep; the proportion
of the population that remains alive at this old age is diminishing. LODs with lower incidence and heritability do not
display a spike exceeding the baseline incidence. The values reported in the article’s representative scenario are shown
for comparison.
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It is possible to conceive any number of scenarios of prophylactic gene therapy. In the most extreme
scenario, one could make an equivalent of thousands of edits for AD, and hundreds for most of the
rest of the analyzed LODs, reversing all variants constituting individual PRSs to a neutral state; this
would show a resulting disease risk and incidence of zero. It is likely that any models featuring so
drastic an intervention would be unrealistic, and many less extreme scenarios are possible.
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Figure A4.8: Lifetime risk, baseline and after gene therapy. Prophylactically treating above-average-
risk individuals to match the polygenic risk average of the baseline population. (A) Alzheimer’s disease,
(B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer, (G)
colorectal cancer, (H) lung cancer. Showing lifetime risk after therapy, and the trends with life expectancy increased by
5 and 10 years.
The lifetime risk results are qualitatively similar to the reported scenario, though not as large, and a life expectancy
increase of 10 years results in the risk exceeding the baseline for the four non-cancer LODs and lung cancer. Lung cancer
showed the least improvement. This is due to the disease having the lowest reported heritability, which results in the
lowest PRS variance and the fewest edits for the treated population under this scenario.

The simulation scenario where every population’s individual PRS is decreased fourfold (OR=0.25)
was chosen as a sufficient number of edits to achieve a substantial effect: It delays the lifetime risk of
T2D, stroke and CAD by almost precisely 15 years and provides even better outcomes for all analyzed
cancers, while highlighting the difficulty of treating AD. A life extension of 15 years would result in
an average life expectancy of about 95 years, and this may be considered as challenging the unknown
limits of the squaring of the mortality curve sufficiently far for this study.

It appears most practical for a person to be born with all cells already treated, because all devel-
opmental stages are affected by the genome, which implies germline therapy and likely heritability of
therapy. Nevertheless, it is not yet known what technological possibilities and ethical considerations
the future will bring; therefore, without discussing the specifics of any method, it is assumed that, at
birth (or age zero), the person’s genome appears with the required modification. The therapy emula-
tion is a simple arithmetic operation of reducing the individual PRS by a desired value. Simulating
a fourfold reduction in all population individuals’ PRS (OR = 0.25, equivalent to β = log(OR) =
-1.39) requires an edit of 15 SNPs in a common allele low-effect-size scenario with an average OR of
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1.1; it is simply calculated as: 1.115 ≈ 4. Choosing to edit only the largest-effect-size SNPs available
in the genetic architecture, with OR = 1.15, would require approximately 10 edits: 1.1510 ≈ 4. The
simulations were then performed with the previously discovered values of A(t) and the population
with the modified individual PRSs.

The lower- and higher- intensity scenarios were also simulated and were qualitatively similar to the
simulation above, with a corresponding decrease or increase in lifetime risk and onset delay patterns;
the above scenario was found to be the most representative and illustrative and is reported in the
Results section. A somewhat different scenario, in which all individuals with elevated PRSs were
treated to adjust their PRSs to that of the population mean, merited an illustration in Figure A4.7 and
Figure A4.8; the lifetime risk outcomes are also qualitatively similar to those in the above simulation.

A4.6.2.4 Emulating Life Expectancy Increases

Life expectancy increases are emulated by adjusting the mortality from all causes by the desired
number of years. All mortality rates from the US Social Security Actuarial Life Table [187] are shifted
by 5, 10, and 15 years. This approach is supported by Zuo et al. [283], who showed that the front slope
between the 25th and 90th percentiles of old-age deaths advanced with a nearly constant long-term
shape as longevity increased over the past five decades. It may be not prudent to heed the opinion
expressed in Zuo et al. [283] that there is “no support for an impending limit to human lifespan"
indefinitely, but it may be sufficient for this study’s estimates of up to 15 years of increased life
expectancy. Although the Results section reports values with greater life expectancy increases, these
have primarily comparative value, and > 40 years will denote even greater extensions.

A4.6.2.5 The Aging Coefficient Values and Simulation Accuracy
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Figure A4.9: Accuracy of simulation aging coefficient discovery in reproducing the input incidence
rate approximation. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease,
(E) breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer.

Figure A4.9 shows the resulting accuracy produced by applying the aging coefficient to eight LODs,
compared to the input incidence rate approximation. The error rate begins near 2% for colorectal and
lung cancers, is noticeably better than 1% for the remaining LODs, and stays below 0.2% for most of
the LODs’ onset range. This validation illustrates that the combined discovery and analysis reproduce
the input LOD incidence rate with a high degree of precision.
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Figure A4.10: Aging coefficients applied to reproduce the LOD incidence distribution by age based on
individual PRS. (A) Alzheimer’s disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E)
breast cancer, (F) prostate cancer, (G) colorectal cancer, (H) lung cancer.
Polygenic scores of individuals diagnosed with an LOD as a function of age. Scatter plots show the distributions of
polygenic scores for cases diagnosed as age progresses.

The core of the simulation is the iterative discovery and application of the aging coefficient (see
Equation (4.2) in the main article Methods), mapping individual PRSs to the hazard specific to each
LOD on a yearly basis, depicted in Figure 4.1 in the main article. The aging coefficient incorporates
combined aging and environmental effects, and the rising pattern indicates the increasing magnitude
of these effects with age. Figure A4.10 shows the PRS distribution for diagnosed individuals by age
when the simulation is rerun using the discovered aging coefficient without gene editing (a baseline
validation). This distribution matches the results of Oliynyk [1] (Chapter 2), in which the simulation
used a direct probabilistic algorithm. A more precise indication of the accuracy of the discovered aging
coefficient is shown in Figure A4.9, where the simulation aging reproduces the population incidence
rate Equation (4.2) in the main article Methods.

The values with lower accuracy occur at very early and very late ages of onset, affecting a minute
fraction of the total population. This in itself is the cause of the variability. As seen in Figure A4.5,
the baseline case, and in Figure A4.11, the gene therapy case, the incidence rate density is very low at
younger ages, when it is below 1· 10−5. Due to population mortality, even though the incidence rate
is high at old ages, the number of individuals still alive after the age of 105 is small, even with an
increase in the modeled life expectancy of 15 years. Only in the case of AD, the incidence of which
grows exponentially to a very late age, does the remaining unaffected population become small near
120 years of age, causing the error rate to increase to close to 1%, a minuscule deviation in light of
the particularly low incidence rate density at this age.
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Figure A4.11: Population cumulative incidence rate density after emulated gene therapy. (A) Alzheimer’s
disease, (B) type 2 diabetes, (C) cerebral stroke, (D) coronary artery disease, (E) breast cancer, (F) prostate cancer,
(G) colorectal cancer, (H) lung cancer.
All individuals in the population had emulated corrective gene therapy editing, on average, 15 SNPs (corresponding
to an OR multiplier of 0.25). The area under the curve is equal to the lifetime risk for each scenario, accounting for
mortality. Projected LOD incidence rate relative to the number of individuals at birth, after gene therapy, and scenarios
with life expectancy increased by 5, 10, and 15 years.

This precision is due to the use of large population sets: 25 million simulated individuals, with
aggregation of 250 simulation loops (configurable), for each simulation iteration in the discovery stage
and a population of one billion for the gene therapy simulation. While the analysis could certainly have
been performed with smaller simulation sets, leveraging the available computing equipment allowed
for the achievement of low statistical variance while simplifying analysis. This precision rendered the
use of error bars in the graphical displays impractical.



5. Future Preventive Gene Therapy of
Polygenic Diseases from a Population Genetics

Perspective

This chapter is adapted from:
Oliynyk RT. “Future Preventive Gene Therapy of Polygenic Diseases from a Population Genetics
Perspective.” International Journal of Molecular Sciences, 20(20), 2019. [4].

5.1 Introduction

Research into the causality and liability of diseases primarily based on familial and populational ob-
servations greatly pre-dates the discovery of DNA structure and the genetic code in 1953 by Watson
and Crick [5]. Initially, it was only possible to estimate the frequency of highly malignant mutations in
human populations [6]. It took several decades for experimental techniques to develop sufficiently to
sequence the human genome [7]. Whole genome sequencing (WGS) and genome-wide association stud-
ies (GWASs) have provided experimental insights into the genetic architecture of polygenic diseases
that could be only hypothesized a decade or two earlier [8].

The search for singular genetic mutations started decades ago and continued with GWASs and
WGS, which led to the discovery of many thousands of highly malignant so-called Mendelian con-
ditions. Among such conditions are sickle-cell anemia, Tay–Sachs disease, cystic fibrosis, hemophilia,
thalassemia, Huntington disease, early-onset Alzheimer’s disease, and macular degeneration, as well
as mutations in the BRCA1/2 genes, which are causally linked to multiple types of cancer, especially
breast cancer [23]. On its own, the prevalence of each such disease in the population is relatively low.
The mutations that cause the majority of Mendelian conditions are known and usually involve single
nucleotide variants (SNVs) that are associated with a high susceptibility to these diseases, with other
sequence rearrangements representing an aggregate 13% of mutations [284, 285]. The OMIM Gene Map
Statistics [23] database lists over 4000 of such gene mutations responsible for almost 6500 phenotypic
conditions or syndromes, and The Human Genome Mutations Database [286] lists more than 250,000
disease-causing mutations. It has been estimated that, on average, an individual carries 0.58 recessive
alleles that can lead to complete sterility or death by reproductive age when homozygous [287]. The
fact that this number is an average of a large variety of very rare mutations distributed throughout
the genome indicates that severe events, which occur when these rare alleles affect a particular gene
pair in one descendant, are an infrequent occurrence. However, in aggregate, less malignant diseases

97
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caused by rare mutations affect a noticeable fraction of the population, with approximately 8% of
individuals affected [285, 288].

Tests have been conducted on many experimental gene therapy techniques that target diseases
typically caused by a single defective gene or SNV. Ginn et al. [271] identified 287 trials that had
been performed by the end of 2017 on inherited monogenic disorders, with the overall number of
clinical trials of gene therapies, predominantly in the oncology field, exceeding 2600. Philippidis [289]
summarized 25 gene-editing therapies that were under clinical trial during the first quarter of 2019. All
therapies in these studies focused exclusively on the clinical or reactive—rather than prophylactic—
treatment of genetic conditions. Although not yet technologically or medically possible, the potential of
applying germline gene-editing therapy to prevent at least some of these diseases is being increasingly
discussed. Public understanding of the expected health benefits of such therapies is gradually building
[31, 32], and is notably present in the recommendations of the UK Nuffield Council on Bioethics
[30] report Genome editing and human reproduction: Social and ethical issues (2018). Hypothetically,
when the medical technology becomes available to safely and accessibly correct these mutations, and
if governmental regulations allow it in the future [93], treated individuals and their descendants (in
cases of heritable gene therapies) will be effectively cured and have no need for concern about the
single specific cause of their disease.

In contrast to Mendelian conditions, polygenic or complex disease liability is attributed to hundreds
and thousands of gene variants or single nucleotide polymorphisms (SNPs) of typically small effect
that, in combination, constitute the polygenic disease risk of an individual [15, 16, 28]. The polygenic
risk score (PRS) of an individual at higher risk for a polygenic disease reflects the presence of a higher
number of detrimental gene variants [97] relative to the average distribution of common gene vari-
ants in the population. Polygenic diseases include highly prevalent old-age diseases—termed late-onset
diseases (LODs)—that eventually affect most individuals (for example, cardiovascular disease, partic-
ularly coronary artery disease, cerebral stroke, type 2 diabetes, senile dementia, Alzheimer’s disease,
cancers, and osteoarthritis) [96, 119, 120, 157, 194, 272, 274, 275], as well as earlier-onset diseases and
phenotypic features such as susceptibility to asthma and psychiatric disorders and particular height
and high body mass index (BMI) characteristics [8]. Over the past ten years, GWAS results have been
reported for hundreds of complex traits across a wide range of phenotypes. These studies have led
to a well-established consensus that a large number of common low-effect variants can explain the
heritability of the majority of complex traits and diseases [8, 24, 25]. With increasing cohort sizes and
improving analysis methods, GWASs are finding ever larger sets of SNPs associated with polygenic
traits. GWASs still can explain only a fraction of disease heritability; however, the systematically
collected SNP correlations provide a good indication of the expected effect sizes and allele frequency
distribution of as yet undiscovered SNPs [15]. Research provides strong support for multiplicative
effects of common SNPs and their environment interaction [185, 245]. According to Chatterjee et al.
[27], “to date, post-GWAS epidemiological studies of gene-environment interactions have generally re-
ported multiplicative joint associations between low-penetrant SNPs and environmental risk factors,
with only a few exceptions,” and “investigations of SNP-by-SNP and SNP-by-environment interactions
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using data from large GWAS generally suggest that the assumption of multiplicative effects is often
adequate.”
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Figure 5.1: Illustrations to the concepts in this Introduction. (A) genome-wide association study (GWAS)
assignment of tag single nucleotide polymorphisms (SNPs) differs in geographically diverse populations because of
differences in linkage disequilibrium and study setup. The same causal SNPs can be assigned to different tag SNPs in
different populations (and subpopulations), and different causal SNPs may overlap in varied ways among populations.
Tag SNPs can represent a set of causal SNPs with alleles that are protective (+), detrimental (-), or both [9]; (B) lifetime
risk and incidence density distribution of late-onset disease (LOD) under Cox’s proportional hazards/multiplicative
polygenic risk model. The example shown is coronary artery disease, where the LOD lifetime risk is delayed after
therapy that lowers the population polygenic risk, and the lifetime risk is regained with increasing life expectancy [3];
(C) Falconer’s liability threshold model with different mean liabilities and the same variance (Prob. density stands for
the probability density of an individual succumbing to a disease) [144, 170]. Under this model, the disease prevalence
is a function of the disease liability (as termed by Falconer), which can be understood as the polygenic risk score of
true causal gene variants. For Population B, the area to the right of the liability threshold is larger, as is the disease
prevalence; the vertical liability threshold line is the initial Falconer interpretation for illustration purposes. Modern
approaches can be perused in [147]; (D) Falconer’s liability threshold model with the same mean liability and different
liability variances. If both distributions are normalized, the prevalence will be larger for a wider variance, particularly
distinct for smallest prevalence values, and it will remain identical between populations A and B at a prevalence of 50%.

Geographic and local population genetic stratification and variation complicate the ability to
diagnose and treat medical conditions [148] (for additional exposition, see Appendix A5.6.1). The
predictive utility of GWAS and GWAS PRSs also varies broadly if the risk score is applied to a popu-
lation other than the one for which the score was initially determined [9, 149, 150]. At the same time,
there are many indications of the commonality of causal gene variants for polygenic diseases among
geographically distinct populations [151, 152], while admixed populations present an intermediate
liability to diseases [153–155]. A study by Zanetti and Weale [290] found that a combination of Euro-
centric SNP selection and between-population differences in linkage disequilibrium and effect allele
frequencies was sufficient to explain the rate of previously reported trans-ethnic differences, without
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the need to assume between-population differences in the true causal SNP allele effect size, suggesting
that the cross-population consistency is larger than that usually reported.

Even when the majority of causal gene variants are common among populations, they are difficult
to match precisely in genetically stratified populations for two main reasons. First, the GWAS PRS is
composed of representative so-called “tag” SNPs. Rather than being true causal variants, tag SNPs are
from a genomic region that exerts a single or combined effect of multiple detrimental and protective
SNPs alleles in various degrees of linkage disequilibrium and varying allele frequencies in different
subpopulations [291, 292] (see Figure 5.1A). Thus, although only a small fraction of true causal
SNPs for each polygenic condition have been identified, PRSs can be determined since they rely on
an aggregate of implicit determinations that are likely to significantly differ among the population-
specific background of non-causal SNPs [291]. The second reason that underlies this challenge is
that, in addition to differences in SNPs, there are less-researched structural variations that differ
among populations and can influence disease liability [44]. Major projects are underway that aim to
comprehensively catalog the detrimental structural variation in diverse populations [293]. In parallel,
the advancement of biomedical techniques will facilitate the detection of germline structural variants
for clinical validation and research in the future [294].

For LODs, a combination of genetic liability, environmental factors, and the physiological decline
of multiple organ systems leads to individual disease presentations [157]. Earlier research evaluated
the risk allele distributions that accompany aging for polygenic LODs [1], and, leveraging age-specific
incidence rates under Cox’s proportional hazards model [26, 27], quantified the potential of future
preventive gene therapies to delay the onset age and reduce the lifetime risk of such LODs [3]. This is
demonstrated in Figure 5.1B. A recent clinical data analysis confirmed these theoretical predictions
[295].

The polygenic diseases with highest incidence in early- and middle-age that are the focus of
the current research, are exemplified by asthma [132, 133], chronic migraine [134, 135], Dupuytren’s
disease [136], rheumatoid arthritis [137], lupus erythematosus [138], schizophrenia and bipolar disorder
[139], and Crohn’s disease [140, 141]. The lower prevalence of these diseases contrasts with the high
prevalence of some LODs, highlighting differences in their evolutionary and causal manifestations
[142]. These diseases are less suitable for the age-specific rates approach [3] because subjects with an
earlier age at disease onset do not necessarily show an increased polygenic risk burden, as exemplified
by schizophrenia incidence [143]. The liability to these diseases is often illustrated using the liability
threshold model proposed by Falconer [144] (see Figure 5.1C,D).

In this study, computer simulations were used to evaluate the magnitude of the heterogeneity in
alleles causal for polygenic diseases that could exist among geographically distinct populations. Pop-
ulation genetics simulations were performed for representative scenarios of preventive gene therapies
designed to turn true causal alleles into a naturally existing neutral state of nucleotides for polygenic
Early- to Middle-age-Onset Diseases (EMODs), and evaluated the disease prevalence reduction and
the progression of population admixture that would accompany such therapies. The combination of
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these EMOD findings with earlier published LOD conclusions resulted in a comprehensive picture of
preventive polygenic disease gene therapy from a population genetics perspective.

5.2 Results

5.2.1 Admixture of Populations with Matching Mean PRSs: To What Extent
Can Causal Risk Alleles of Polygenic Diseases Differ Between
Populations?

The first set of simulations evaluated the blending admixture of two simulated populations with equal
liability to a disease. The disease heritability was set at 50%, the mid-range heritability of polygenic
diseases [296, 297]. The disease SNP sets were built using the common low-effect genetic architecture,
and the population genetics simulation progressed through generations. Four simulated scenarios, in
which the combined effect of monomorphic SNPs differed between the populations by 100%, 65%,
33%, and 20%, were considered.

Initially, the PRSs of individuals in each of two initial populations were collected, and the variance
of these populations PRSs’ was calculated. As simulations progressed through generations, similarly,
the variance of PRSs across the admixed population was calculated and recorded in every generation.
The simulated diseases were polygenic EMODs, which are model polygenic diseases whose maximum
incidence occurs at young- to middle-age, with a negligible incidence at older ages. In this publication,
the term “prevalence”, used in reference to EMODs, always means the prevalence at an age later than
the typical age of onset range.

The results presented in Figure 5.2 show that, for all scenarios of differing SNP architectures, the
PRS variance gradually increased starting from the second admixed generation, and it continued to
increase in subsequent generations. The consequences of this pattern are illustrated in Figure 5.1D.
The variance rise was gradual, resulting in the fifth generation in a 3% increase in prevalence for the
scenario in which all causal SNPs differed between the populations, and it increased by just a fraction
of a percent for the scenario in which one-fifth of causal SNPs differed. By the 25th generation, the
prevalence values for the highest and lowest differences in genetic architecture causality scenarios
were 1.12% and 1.03%, or, in relative terms, a 12% and 3% increase above the prevalence in the
populations before admixture. These results are summarized in Table 5.1. The gradual increases in
variance and prevalence were due to gradual recombination of the population genome. Figure 5.2B,D
show the result of accelerating the recombination to 1000 crossovers per genome per generation. In this
figure, the population risk variance and prevalence approach the equilibrium within a few generations.
This increase in variance with the admixture of diverse populations was previously reported with
much smaller magnitudes of causal allele stratification based on actual allele frequencies in human
populations [86].
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Figure 5.2: The admixture of two simulated populations with equal liability to a disease with 50%
heritability and 1% prevalence. The plots represent four scenarios, in which causal SNPs differ between the
populations in a range between 100% (all causal SNPs for this disease are different between the two populations)
and 20% different (one-fifth of causal SNPs are different, with the remaining majority of causal SNPs in common),
as listed in the figure legend. The blending commences at generation 2. (A) represents the change in variance of the
polygenic risk score (PRS) as a result of 100% blending of two equally sized populations over 25 generations with a
relatively typical recombination rate of 36 recombinations per parental genome; (B) shows accelerated recombination
(accel.recomb.) in which 1000 recombinations were applied per parental genome, resulting in the variance level quickly
stabilizing to equilibrium; (C) represents the change in the prevalence of the disease with a baseline prevalence of
1%, corresponding to the variance change in the previous plot; (D) shows accelerated recombination (accel.recomb.)
in which 1000 recombinations were applied per parental genome, resulting in the prevalence level quickly stabilizing to
equilibrium.

This phenomenon can be simplistically explained using an example of two risk alleles, each unique
to one of two identically sized populations with identical disease risk. When these populations blend
together, the frequency of risk alleles is expected to be average in the resulting population, with
the resulting average effect size, or PRS, remaining unchanged. At the same time, following Equa-
tion (A5.6), the sum of the variance will increase relative to each initial population. As illustrated in
Figure 5.1D, this will cause the risk probability distribution to widen, leading to increase in the risk
of low-prevalence diseases, with no change at all for diseases with a prevalence of 50%.

Table 5.1: Summary of the admixture of two simulated populations with equal liability to a disease
and varied fractions of differing causal SNPs.

Fraction of Differing Causal SNPs 100% 65% 33% 20%

Second-generation prevalence increase, % 1 <1 <1 <1
Fifth-generation prevalence increase, % 2.7 1.4 1.3 0.8
Asymptotic prevalence increase limit, % 45 22 11 6.3

The simulated values are for a disease with early- to middle-age onset, 50% heritability, and a 1% prevalence/lifetime
risk. The relative prevalence increase is calculated in comparison to the baseline prevalence, where, for example, the
prevalence increase from 1% to 1.45% represents a 45% relative increase.
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The results of these simulations, based on the small disease prevalence change even after five
generations of admixture presented in Table 5.1, suggest that the true causal SNPs of polygenic
diseases may easily differ by more than 30%, perhaps even by up to 100%, between geographically
stratified populations, and clinical or epidemiological observations will be unlikely to register small
and gradual increases in disease prevalence over successive generations because of the increase in the
combined variance of a large number of risk alleles. A simulation of accelerated recombination, with
1000 recombinations per parental generation genome, resulted in the equilibrium level being reached
within a few generations with a maximum relative prevalence increase by 45% when all SNPs differed
between the original populations and 6.3% relative increase when one-fifth of the SNPs differed.
However, it would take many generations to reach this equilibrium in real populations, and, on such a
timescale, this process is likely to be indistinguishable in clinical practice from ongoing admixture with
other populations and confounded by genetic drift, mutations, selection, stratification, environmental,
and lifestyle changes.

5.2.2 Admixture of Populations with Differing PRSs

This scenario evaluated the admixture of two populations with similar polygenic EMOD architectures,
where the higher-risk Population 2 was characterized by a common frequency of a small subset of alleles
that had a very low frequency in Population 1, giving Population 2 an average relative risk (RR) of
10.0 (PRS difference in units of log(RR) = 2.30), as displayed in Figure 5.3. Accordingly, the initial
disease prevalence was equal to 0.1% for Population 1 and 1% for Population 2. As expected from the
conclusions of the preceding section, the relative PRS variance between the two initial populations
before admixture differed by just 1.1%, even with the 10-fold difference in disease risk between the
populations. This population liability is almost exactly reflected in Figure 5.1C, but not Figure 5.1D.
The PRS effect size after admixture settled at the average between the two original populations, as
is typical of the observational reports cited in the Introduction. The variance level of the combined
population stabilized closer to the variance of the higher-risk Population 2, as would be expected from
Equation (A5.6), with a negligible effect on the disease prevalence.

Figure 5.3A,B show that the normalized PRS effect size difference between the populations ac-
counted by the simulation almost exactly follows the proportion of population mixing under all ad-
mixture scenarios. This behavior matches the reported polygenic disease risk averaged in proportion
to the population admixture noted in the publications referenced in the Introduction and Appendix
A5.6.1. While the admixture of two equally sized populations results in a precisely averaged PRS,
the prevalence after mixing is close to the geometric mean of the initial prevalence values, resulting
in a smaller-than-arithmetic average of the prevalence values of the initial populations. Thus, in this
example, the prevalence is 0.32% rather than 0.55% (see Figure 5.3C,D). The PRSs will generally
equalize following a simple mixing equation; this is true for both EMODs and LODs, as follows:

β2(g + 1) = β2(g)− 0.5·m· (β2(g)− β1(g)). (5.1)
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In the calculation for Population 2, β2(g) is the effect size (PRS) of Population 2 in generations
g + 1 using values from the previous generation g. In this case, 0.5 is the ratio for equal population
sizes, m is the admixture proportion, and β1 is the effect of Population 1; the equation for Population
1 mirrors Equation (5.1).
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Figure 5.3: Admixture of two populations with a 10-fold relative risk difference. The plots (A–B) show
the population mean polygenic risk score (PRS) equalizing between two populations depending on the admixture rates
for a disease with 50% heritability: (1) shows Population 1 and (2) shows Population 2. Population 1, which was used as
the reference, had a mean PRS of 0.00 and an initial prevalence of 0.1%. Population 2 is the higher-risk population and
had an initial PRS of 2.30 and an initial prevalence of 1%. The plots (C–D) show the corresponding population disease
prevalence change. Figure A5.8 shows a graphical display from the simulation and illustrates the admixture between
these two populations.

It is interesting to note that, even with a low 10% population admixture rate, the non-participating
Population 2 prevalence decreases, relative to the baseline, to 91% in one generation, 84% in two
generations, and 77% in three generations, and the improvement is even faster at higher admixture
rates, with both populations heading toward an asymptotic admixed prevalence of 32%. Prominently,
the equalization is reached in one generation in the 100% blending scenario (shown by the red lines
in Figure 5.3).

5.2.3 Lowering Polygenic Disease Prevalence by Editing Effect SNPs

The gene therapy operations would change detrimental SNPs frequency in some fraction of a pop-
ulation. The population-wide Hardy–Weinberg equilibrium will be reached after one generation of
random mating in an indefinitely large population with discrete generations, in the absence of muta-
tion and selection, and the frequency of genotypes will remain constant across generations [81, 82]. In
case of high heterogeneity in effect alleles between populations, it may take a number of generations
for the allele distribution to homogenize, accompanied with an increase in disease prevalence, as was
described in Section 5.2.1. This effect is barely detectable for smaller risk allele differences, as modeled
in the previous Section 5.2.2.

Simulations confirmed that modifying or turning off a number of causal alleles in a higher-risk
population can easily reduce the risk to that of a lower-risk population. Additionally, treating, for
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example, half of the individuals in a population with double the number of corrected SNPs (or any
other proportion, as long as there are enough SNPs to correct) produces the same population risk
load reduction, as the corrected SNPs would distribute within a few generations of random mating.
Figure 5.4 demonstrates this by starting with a homogeneous population with identical risk in gener-
ation 0, subdividing individuals into two equally sized populations, and lowering the average RR of
Population 1 by 10-fold (PRS = −2.3). The result is equivalent to those described for Population 1
and Population 2 in the previous Section 5.2.2, as shown in Figure 5.3, and is followed by an identical
admixture pattern. The variance of the combined population after admixture diminishes by 0.9%,
reflecting the lower frequency of the risk alleles in the population.
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Figure 5.4: Admixture of two populations following a gene therapy resulting in a 10-fold relative risk
difference. The homogeneous population was divided into two equal size populations. The initial disease prevalence
was set at 1%, and the disease heritability was 50%. In Population 1, an individual’s SNPs were uniformly edited to
achieve a 10-fold improvement in relative risk (RR) (PRS = −2.30) in generation 1. Population 2 prevalence remained
at the initial level in generation 1, while the prevalence of Population 1 decreases to 0.1%. After that, admixture
patterns became mirror images of those in Figure 5.3. The plots in (A–B) show that the population mean polygenic
risk score (PRS) equalizes between the two populations, depending on the admixture rate. The plots in (C–D) show a
corresponding change in the mean disease prevalence.

5.2.4 Estimates of Population Genomic Parameters for Diseases Known to Have
Large Risk Differences Between Ethnic Groups

Many diseases differ in terms of their risk and prevalence among subpopulations. In reviewed published
cases, admixed populations were shown to have intermediate liability. Examples include differences
in nicotine metabolism between Maori and European populations [154], differences in type 2 diabetes
(T2D) risk between European American and African American populations [298], and differences in
atrial fibrillation risk among a variety of populations [299], with prevalence usually differing by less
than 2-fold between affected populations.

Three examples of diseases with contrasting risk between populations, primarily for middle-age-
onset, are Dupuytren’s disease (DD), rheumatoid arthritis (RA), and lupus erythematosus (LE). DD
heritability was determined by Larsen et al. [300] as 80%, with extremely varied prevalence, affecting
at older ages 22–32% of men in populations originating from Northern European countries [136],
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and significantly lower prevalence in populations from other origins, with the lowest prevalence in
Korea [301], Taiwan and China [302] at 100–1000 times lower prevalence than in Northern European
populations. According to Molokhia and McKeigue [303], West Africans have a higher risk of LE
than Europeans, and Native Americans have a higher RA risk than Europeans. Both diseases also
show intermediate risks in admixed populations. LE heritability is estimated to be 44% [138, 304], the
prevalence was reported to be 0.35% for 60-year-old African American women and 0.1% for European
American women [305]. RA heritability is estimated to be 60% [137]; it has a prevalence of 3% in
Canadian Native Americans and 0.3% in Europeans [306].

The above three examples were specifically chosen because their maximum incidence rates occur
in early to late-middle ages. Therefore, prevalence of the diseases at moderately old ages approaches
the disease lifetime risk. The admixture simulation results are presented in Table 5.2 and graphically
illustrated in Figure A5.9.

Table 5.2: Population admixture for diseases known to have large risk differences between ethnic
groups.

Disease Prevalence
in Pop 1

Prevalence
in Pop 2

Admixed
Prevalence

Rela-
tive
Risk

PRS
Change

Edited
SNPs

SNPs in
Disease
Architecture

Heritability
Pop 1→Pop 2

DD 25% 0.25% 4.0% 100 8.44 89.0 3575 79.83→79.55%
RA 3.0% 0.30% 1.0% 10 2.62 27.6 1350 59.90→59.57%
LE 0.35% 0.10% 0.19% 3.5 1.20 12.7 700 43.64→43.38%

Results of admixture of two equal size populations differing in the prevalence of early- to middle-age-onset diseases and
the estimated SNP corrections required to achieve disease parity. Disease abbreviations: DD—Dupuytren’s disease;
RA—rheumatoid arthritis; LE—lupus erythematosus. Pop 1 has a higher disease prevalence, and Pop 2 has a lower
disease prevalence. The term “Relative Risk” describes the number of times by which the prevalence differs between
Pop 1 and Pop 2. The average SNP effect is expressed in units of natural log(RR), a combination of alleles with varying
effects and frequencies, with an average RR value of 1.1 in this instance. As described in the Methods section, “SNPs
in Disease Architecture” is the total number of SNPs in the genetic architecture responsible for disease heritability.
The “Heritability” column demonstrates quite minor difference in the LOD heritability between Pop 1 and Pop 2.
See the population distribution of detrimental variant counts and PRSs for DD and the 50% heritability EMODs used
throughout this chapter in Figure A5.7.

The last three columns in Table 5.2 show the differences in PRSs between populations (in units
of log(RR)) and the average number of SNPs at the average genetic architecture effect size in need
of correction to match the risk in high-risk populations with that in lower-risk populations if such a
therapy were possible. It is shown that DD would require 89 SNPs to be corrected to reduce the high
risk in North European ethnicities to match that in the Korean population, out of on average 2050 risk
alleles per individual, as demonstrated in Figure A5.7C. RA and LE would require significantly fewer
edits. In each case, the number of edits constitutes only a small fraction of SNPs in each disease’s
common low-effect genetic architecture.

The values of the admixed prevalence of RA and LE closely follow the geometric mean of the
initial populations, as established in Section 5.2.2. The simulation results noticeably deviate from the
geometric mean in the case of DD, for which the geometric mean

√
0.25× 0.0025 equals 2.5%, rather

than the value of 4% found by the simulations. This indicates that 25% can hardly be considered a
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low prevalence from the perspective of relative risk, particularly when considering large risk differ-
ences between populations. Further simulation of scenarios with more common lower differences in
disease relative risk between populations showed that prevalences after admixture closely followed the
geometric mean of two initial populations; however, based on the assumption in Methods, the model
is better confined to prevalences in single digits and below, typical to EMODs.

5.2.5 An Estimate of Preventive Gene Therapy for Early- to Middle-Age-Onset
Polygenic Diseases

The review of the three diseases above—DD, RA, and LE—estimated the differences in the number
of SNPs related to disease risks in naturally occurring populations and, accordingly, differences in the
number of SNP corrections that would be required to achieve population parity for these EMODs.

Following the evaluation of population stratification by disease risk, admixture, and a simple
correctional edit followed by population admixture in Sections 5.2.2 and 5.2.3, it is time to consider
a scenario that could allow for broader extrapolations. There can be countless potential scenarios of
therapy levels, stratification, and admixture. It can be hypothesized that there may be an optimal
level of population EMOD risk that can be achieved by lowering the average population PRS or,
equivalently, by lowering the true causal risk allele frequencies.

A scenario was chosen in which, for the individuals participating in gene therapy (Population 1),
the required number of risk SNPs was therapeutically edited to lower the population relative risk
by 10-fold, or by a PRS of −2.3, in the first generation of ongoing therapy, on the premise that a
10-fold risk reduction in any disease would be a commendable improvement. Subsequently, smaller
therapeutic interventions were applied in each generation to maintain Population 1 at this optimal
level; the number of edits per generation is shown in Figure A5.10.

The evaluation of the admixture scenarios for Population 2, which does not directly participate in
gene therapy (see in Figure 5.5), shows that, in the 100% admixture (blending) scenario, the disease
prevalence in Population 2 plummets to 0.32% (or 32% of the prevalence baseline value), while the
population PRS reaches the exact halfway point between values in the original populations. However,
unlike the admixture scenarios presented in Sections 5.2.2 and 5.2.3, the improvement continues to
asymptotically progress toward the treated Population 1 level of 10% of the baseline disease prevalence.
The PRS progression using Equation (5.1) would just require fixing β1(g) = Const—the level of the
chosen optimal treatment. From the perspective of the PRS admixture, this result is equivalent to the
basic island-continent migration model; however, the disease prevalence connotations are noteworthy.
Figure A5.11A also shows the renormalization of the relative PRS that can be applied to estimates with
any chosen initial values of relative risk improvement, and in Figure A5.11B the normalized prevalence
progression in case of the RR = 10 treatment level. For comparison, the therapy alleviating population
relative risk 4-fold depicted in Figure A5.11C showed that the relative prevalence reduction for the
non-participating populations with ongoing admixture, as compared to the treated population, would
be similar for varying degrees of treatment.
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Figure 5.5: Preventive gene therapy with a 10-fold relative risk correction. A constant level of PRS =
−2.3 is maintained for Population 1, undergoing admixture with Population 2. The 90o-rotated Gaussian-looking fills
in plots (A–B) represent the population density for each generation at the corresponding PRS values in log(RR) units
on the y-axis, and the colors represent the fraction of each population mix at each PRS value. (A) shows a 100%
blending admixture, where the individuals from Population 1 mate exclusively with individuals from Population 2; (B)
shows a 25% admixture, where individuals from each population have a 1/4 chance of mating with individuals who are
outside their own population; (C) shows the population mean polygenic risk score (PRS) equalizing between the two
populations, depending on the admixture rate; (D) shows the corresponding mean disease prevalence change.

5.3 Discussion

With the accumulation of scientific knowledge of the genomic causes of common diseases and the ad-
vancement of gene-editing technologies, gene therapies to prevent polygenic diseases may soon become
a reality. GWAS research over the past decade has ascertained that polygenic EMODs and LODs share
a genetic risk architecture: their causality is primarily attributable to common low-effect alleles [8, 25]
in multiplicative joint associations with environmental risk factors [27]. With the application of the
multiplicative genetic risk model, the computer simulations developed in this research mapped the
polygenic risk of the model genetic architecture of EMODs based on their prevalence and heritability
into individual disease probability. The results of these simulations correlated well with epidemiolog-
ical observations (see Appendix A5.6.1). Simulations of the admixture between modeled populations
using this framework were performed to investigate a hypothetically possible range of heterogeneity of
causal SNPs in geographically distinct populations. Subsequently, these simulations were applied to
model scenarios of gene therapies to assess the relationship between population admixture and disease
prevalence throughout generations.

The simulations of admixture with differing causal SNPs between populations with identical disease
prevalence demonstrated that, in principle, even a large degree of heterogeneity in causal allele sets for
EMODs between populations would be difficult to detect. Whether all causal SNPs were identical or
whether a large fraction of them differed between a pair of populations, the epidemiological and clin-
ical statistics would be practically indistinguishable. Equally, it was shown that the outcomes of gene
therapies would not be impeded under either situation. The commonality of causal gene variants for
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polygenic diseases between geographically distinct populations, as reported by GWASs [151, 152, 307]
(with some models exploring a larger extent of allelic heterogeneity [88]), makes this extreme differ-
ence in causal allele sets unlikely, and the differences in disease prevalence and disease manifestation
between populations appear to be primarily caused by differences in common allele frequencies. The
finely balanced risk of genetic architecture in this model scenario would be far exceeded by the actual
risk differences in geographically distinct populations, which often differ in disease prevalence [308].
The simulated population admixture for all polygenic diseases with differing risks among populations
resulted in arithmetic averaging of the PRS, expressed as the sum of logarithms of the causal al-
leles’ true relative risk, and the prevalence of EMODs followed the geometric mean of the original
populations.

The extreme differences in common EMOD risk, exemplified by DD, LE, and RA, demonstrate the
range of polygenic distribution differences that may develop between populations due to geographic
separation that occurred within an evolutionarily short time. Furthermore, these differences indicate
the potential to alleviate risks of these and other polygenic diseases using gene therapy. The simulation
results for typical EMODs show that the disease prevalence decreases in proportion to the degree by
which the treatment lowers the population average relative risk.

It is hard to imagine that, even if such gene therapies were available, everyone would participate.
In the hypothetical scenarios in which populations admix at a low rate of 10%—which would not
be typical, particularly in the Americas [308]—the prevalence rates of the targeted diseases in the
fraction of the population not directly receiving gene therapy would noticeably decrease in the second
generation and even more so in subsequent generations. Longer term, this admixture would lead
to a lower and more equal disease risk for all populations. A hypothetical example of such group
stratification with regard to preventive gene therapy is genetic treatment during in vitro fertilization
(IVF), which could be legislatively limited only to situations in which the parents were found to
possess high PRSs of a polygenic disease [32]. In the first generation, only the direct recipients would
benefit, but normal admixture over the scale of generations would cause the whole population’s disease
prevalence to diminish, as the simulations in this research demonstrate.

Again, hypothetically, even if gene therapy were to be discontinued after significantly reducing the
risk of Mendelian diseases and EMODs over time, the low human germline mutation rate (estimated
to be on average 1.18· 10−8 mutations per nucleotide per generation, which corresponds to 44–82
mutations per individual genome with an average of only one or two mutations affecting the exome
[94]), means that many generations would pass before the disease rates would significantly increase
again [92, 309, 310].

A complete picture of polygenic disease prevention must include LODs. The analysis method
applied to EMODs would not be valid for polygenic LODs because LODs typically manifest with
extremely low incidences of diagnosis at younger ages, followed by a period of a nearly exponential
annual increase in the disease incidence rate starting at relatively older and LOD-specific ages [1].
According to Chatterjee et al. [27], the conditional age-specific incidence rate of the disease can be
modeled using Cox’s proportional hazards model [26] and multiplicative joint associations between
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low-penetrant SNPs and environmental risk factors [27]. An evaluation using this model [3] showed
that a moderate level of therapy that lowered the hazard ratio by 4-fold (OR = 0.25) by converting
detrimental SNPs to a neutral state would result in lifetime risk reduction by 30–54% for AD, T2D,
CAD, and stroke, and 59–73% improvement for the analyzed four cancers, as long as mortality from
all causes remained constant. With increasing longevity, this corresponded to a delayed onset of LODs,
with a delay of about three years for AD; between 10–15 years for T2D, cerebral stroke, and coronary
artery disease (CAD); and an even longer onset delay for breast, prostate, colorectal, and lung cancers.

A recent clinical and GWAS analysis by Mars et al. [295] determined that the difference in age at
disease onset between the top and bottom 2.5% fraction of PRSs was 6–13 years for four LODs that
overlapped with Oliynyk [3]. A lower onset difference value was found to be characteristic of T2D and
CAD, while breast and prostate cancers showed the highest differences in terms of age of onset, thus
clinically confirming the patterns predicted by simulations in [3]. The naturally occurring difference
in the age of onset for the top and bottom fractions of the natural PRS variation [295], in principle,
shows that applying gene therapy that would turn a sufficient number of true causal SNPs into neutral
SNPs, thus turning the high risk population into the low risk population, would have the predicted
outcome reflected in years of a delayed LOD onset.

This study was not concerned with evaluating potential obstacles due to pleiotropy, which, in
the context of gene therapy, is defined as the possible negative effects on other phenotypic features
resulting from an attempt to prevent an EMOD by modifying a subset of SNPs [90, 91]. Under the
common low-effect genetic architecture used in the simulations, from an average of 514 such SNPs in
the average modeled individual (as shown in Figure A5.7A), gene therapies would only need to correct
an average of 15 SNPs to achieve a 4-fold decrease in the relative risk (PRS = -1.386) and 24 SNPs
to achieve a 10-fold RR decrease (PRS = -2.30). Arguably, with personalized prophylactic treatment,
it would be possible to select a small fraction of variants from a large set of available choices, as
exemplified in Table 5.2 that do not possess antagonistic pleiotropy, or perhaps even select SNPs that
are agonistically pleiotropic with regard to some of the other EMODs and LODs. After all because of
a balance between selection, mutation, and genetic drift on evolutionary scales [92], a proportion of
low-effect detrimental SNPs have achieved common population frequency, simply because they were
not detrimental enough to have been selected out, rather than having been selected for because they
provide a physiological or survival benefit. Thus, these SNPs would constitute a suitable therapeutic
target.

The current research confirms that, for polygenic diseases, including LODs, if gene therapy were to
lower the frequency of true causal risk alleles and the corresponding population PRS, these proportions
would propagate throughout subsequent generations [82]. In the case of admixture with populations
not directly participating in gene therapy, the PRS would distribute proportionately to population
mixing ratios, which for LODs will be reflected in disease onset delay [3] for all beneficiary generations.
The incidence of EMODs does not strictly stop at a particular age; rather, a later but lower disease
incidence occurs for all EMODs referenced herein. Therefore, preventive genetic treatment of these
conditions may to a degree result in a delay of disease onsets.
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5.4 Methods

This study assessed population genetics dynamics for a hypothetical future in which gene therapy can
be applied to prevent polygenic diseases. In earlier research, the risk allele distribution for polygenic
LODs that accompanies aging was evaluated [1], and the potential of future preventive gene therapy
to delay onset ages and lower the lifetime risk of developing such LODs was successfully quantified [3],
as demonstrated in Figure 5.1B, by leveraging age-specific incidence rates under multiplicative [27]
Cox’s proportional hazards model [26]. The findings of this earlier publication complement the results
of the current research and are noted in the Discussion.

The main goal of this study was to quantify the impact of gene therapy from a population genetics
perspective while accounting for population stratification and admixture. The gene therapy corrections
that change detrimental SNPs frequency within a subset of a population will reach population-wide
Hardy–Weinberg equilibrium after one generation of random mating in an indefinitely large population
with discrete generations, in the absence of mutation and selection, and the frequency of genotypes
will remain constant throughout generations [81, 82]. This equally applies to polygenic phenotypes
[83], and the extended diploid Wright–Fisher model simulation reproduced this expected behavior,
thus validating that the model’s granularity on a generational scale was appropriate for the intended
target of this research. Although the mean population PRS found in this study precisely follows the
Hardy–Weinberg principle, the behavior of disease risk variance in the polygenic admixture is more
gradual as a result of linkage disequilibrium and recombination [85–87].

The following sections review the simulation’s conceptual foundations and conclude by describing
the simulation steps.

5.4.1 Considerations for Liability Threshold Models

Of the polygenic diseases analyzed in this research, those with the highest incidence in early- and
middle-age are less suitable for the age-specific rates approach used earlier for LODs [3] because
subjects with an earlier age at onset do not necessarily show an increased polygenic risk burden, as
exemplified by the incidence of schizophrenia [143]. The prevalence of these diseases is sometimes
modeled using the liability threshold model, originally proposed by Falconer [144, 170]. Under this
model, illustrated in Figure 5.1C,D, the disease prevalence is a function of disease liability, which
is represented by polygenic risk. In the liability threshold model, an individual can be characterized
by a genetic liability to a disease. A combination of genetic and environmental effects results in a
probabilistic disease distribution among individuals. In the original Falconer [144] interpretation, all
individuals whose PRS exceeds the threshold contribute to the disease prevalence; graphically, these
individuals fall to the right of the threshold. Subsequent research has shown that the multiplicative
risk model is most suitable for explaining experimental data. This model is exemplified by three
approaches: the Risch risk model, the odds risk model, and the probit risk model [145–147]. The
solutions based on these models are typically obtained through simulations or numerical methods,
with the exception of the simplest scenarios that allow for analytic solutions, providing estimates of
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disease prevalence according to the polygenic risk distribution. These models lack the ability to sample
individuals in the multi-generation population simulations required in this study, and they are also
based on specific allele distributions that will not be maintained during ongoing admixture and gene
therapy. Hence, this study developed the simulation approach described in Section 5.4.4, applying
probabilistic sampling of individuals by PRS validated in [3].

5.4.2 Conceptual Summary

The simulated diseases were assumed to have an early- to middle-age onset, with a negligible disease
incidence at older ages. The term “prevalence” is customarily used in liability threshold models. How-
ever, often, whether the term pertains to a whole population or a population of a certain age range
is not well defined. Herein, the term is used in a narrower scope; in this study, “prevalence” means
the cumulative incidence of a disease at an age later than the typical onset age range, with negligible
incidence later on. Thus, the definition of prevalence in this context is more similar to the lifetime
risk concept.

The heritability of EMODs usually ranges from 30% to 80%, as documented by Wang et al.
[296] and Polubriaginof et al. [297]. A heritability level of 50% was chosen for most simulations and
analyses to represent a typical EMOD, and the common low-effect-size genetic architecture SNP set
was assembled accordingly, as noted in Section 5.4.3. The analysis of specific EMODs used their
heritabilities.

Large population sizes were used to make genetic drift effects imperceptible at the short gen-
erational scale used in the simulations. Similarly, although the simulation design allowed for the
introduction of mutations, given the short generational scale under consideration, mutations could
not achieve common population frequency [92, 309, 310] and were not introduced.

In the simulations, the F-statistic (Fst) for disease architecture alleles was calculated using Hud-
son’s method, as recommended by Bhatia et al. [311], and the alternative allele frequency difference
(AFD) statistics were also calculated [312]. The statistics obtained were unsurprising for the simulated
populational processes, and including their interpretation in the reported results would be extrane-
ous. Nevertheless, for those interested, these results are available in [173]. While admixture naturally
involves multiple world populations, simulating the admixture of two populations was adequate for
the intended analysis and extrapolations.

The analysis in this study is contingent on future genetic and computational techniques being
capable of determining and safely modifying a relatively small subset of disease genetic architecture
SNPs from a detrimental state to a neutral one. This is easy to accomplish in a population simula-
tion, in which the effect sizes and states of detrimental SNPs are known for each individual. These
model genetic architecture SNPs are treated as variants that are truly causal for disease liability
and heritability. A concise summary of current gene-editing therapies and knowledge is included in
Introduction 1.1.2, and the review there leads to the conclusion that much scientific knowledge and
technical expertise are required, and many ethical questions will need to be settled, before the level of
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preventive gene therapy required for germline prophylaxis of polygenic diseases can become possible.
Such knowledge and expertise may take decades to gain. Thus, in this research, the hypothetical con-
sequences of heritable germline gene therapies were analyzed contingent on the technologies becoming
available, without trying to guess their specifics, and it is provisionally assumed that each beneficiary
of such simulated therapy would develop from a precisely edited zygote.

5.4.3 Allele Genetic Architecture

The common low-effect-allele architecture was implemented in a similar manner to that used in the
author’s earlier research [1], which followed the approach used by [28]. The summary, including specifics
of the implementation in this study, is available in Appendix A5.6.2. In contrast to GWAS tag SNPs,
the model genetic architecture SNPs are truly causal for disease liability and heritability variants, and
they are assumed to be accurately identified for the purposes of personalized gene therapy. Estimates
using the liability threshold model customarily use RR values to model known causal SNPs [147, 313].
This research followed suit: SNP effects were treated in terms of relative risk, and PRSs were expressed
in terms of the sum of the logarithm of RR. This method is also justified by the fact that the majority
of EMODs have a prevalence of less than 2%, as exemplified by RA [137], LE [138], schizophrenia
and bipolar disorder [139, 314, 315], and Crohn’s disease [140, 141], with only a small number of
diseases such as asthma [132] approaching a prevalence of 10% [296]. Dupuytren’s disease, which has
a prevalence of more than 30% in some Northern European ethnicities, although it is lower in most of
the world by 1–3 levels of magnitude, is an interesting exception that was examined in this research.
The alleles were randomly distributed throughout the model genome; these results are consistent with
GWAS findings for asthma [132, 316], schizophrenia [317], and other diseases [8].

5.4.4 Disease Prevalence Analysis

In order to track the changes in disease prevalence associated with population admixture and gene
therapy, it was necessary to map PRSs to the probabilities of succumbing to a polygenic disease on
the basis of the genetic architecture and disease prevalence. Individual RRs Ri were calculated as a
product of the RRs of all SNPs in the disease genetic architecture, as follows:

Ri =
∏
k

rak i
k , (5.2)

where rk is the kth SNP’s true RR, and ak i (equal to 0, 1, or 2) is the number of the kth allele in a pair
of individual chromosomes i. The PRS βi = log(Ri) is defined in Appendix A5.6.2. Multiplicativity
by RR is equivalent to additivity by PRS.

The simulations sampled individuals from the allocated population without replacement, propor-
tionate to individual RR Ri, until a sample size of n individuals—those diagnosed with the disease—
reached the number that satisfied the disease prevalence K:

n = N ·K. (5.3)
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The goal was to map an individual’s PRS to the probability of them becoming ill on the basis of
disease prevalence and PRS distribution, dictated by heritability and allele genetic architecture, as
follows:

π(β) ∝ exp(β). (5.4)

In practice, the simulation loop sorted the sampled diagnosed individuals into narrow PRS inter-
vals, from β to β + ∆β, and determined the probabilities π of each PRS band, as follows:

π[β, β + ∆β] =
i[β, β + ∆β]

N [β, β + ∆β]
, (5.5)

where i[β, β+ ∆β] is the number of the diagnosed individuals in a PRS band, and N [β, β+ ∆β] is the
number of all individuals belonging within the same PRS band, with a proper handling of boundary
conditions.

Thus, under the multiplicative risk model, an individual’s probability of being diagnosed with
the disease under consideration can be mapped to the individual PRS, and this mapping can be
used in subsequent generations in conjunction with gene therapy and population admixture. The
advantage of this approach is that once the mapping is determined, it can be saved and reused
in subsequent simulation runs as long as the chosen initial genetic architecture and prevalence are
identical. This initial mapping was made very accurate by building large sets of individual PRSs per
run of determination simulation (a set of eight billion was typically used) and averaging the mapping
over multiple runs. The resulting mapping distribution is shown in Figure 5.6.
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Figure 5.6: Disease probability distribution mapped to individual PRS. In simulations for a population
with a mean PRS normalized to zero and a heritability of 50%, the PRS probability of disease curves reproduced the
liability threshold model’s logistic distribution of probabilities [318]. This PRS probability distribution allows for the
precise reproduction of the original disease prevalence and is used to determine changes in prevalence that result from
simulated population admixture and gene therapy. The mean PRS of a diagnosed population and the probability curve
move toward lower PRS values with increasing prevalence, as also illustrated in [147].

The application of this mapping, using identical PRS bands, to the initial population reproduced
the original prevalence with high precision and obtained a deviation of less than 2% in a two-sigma
(95%) confidence interval for the PRS and prevalence results. Thus, error bars in the graphs would
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be extraneous. An exception is the population admixture figures in which a small relative change in
values necessitated the inclusion of the two-sigma error bars (for example, in Figure 5.2C).

5.4.5 Simulating Gene Therapy under Population Stratification and
Admixture Scenarios

The following simulation steps were performed.
(1) Simulation initialization. The simulation initialization steps were performed, including the

allocation of population objects and the assignment of individual PRSs on the basis of the modeled
genetic architecture allele frequencies chosen for each population. Individuals were subdivided into two
populations, Populations 1 and 2, with equal relative sizes and male/female proportions (configurable
in the simulation setup). The initial disease prevalence and genetic architecture effect size in Population
1 were always used as references for Population 2 and the combined population. When gene therapy
was performed, it was always applied to Population 1. For the validation of extreme population
stratification and admixture scenarios, four sets of genetic architectures were constructed and specified
in the simulation configuration. The population differences were set to 100% (all causal SNPs differ
between population genetic architectures), 66%, 33%, and 20% (i.e., one-fifth of the causal SNPs
differ). The difference was estimated by the fraction of the PRS difference that was attributed to
differing SNP architectures between the two populations.

(2) Reproduction. The simulation proceeded through successive generations via reproduction with
the configured level of population admixture. The admixture was configurable in a range from 100%
to 0%. The rate of 100% meant that exclusively members of the opposite populations reproduce
with each other (also referred as “blending”, where either population contributes exactly half of the
diploid genome to each offspring in a generation). Above 50%, the reproduction is preferentially
between opposite populations. The 50% probability means that there is an equal probability that
reproduction occurs within the same population and between opposite populations. Lower than 50%
values, for example, an admixture level of 10% means that the probability of individuals reproducing
within their own population is 90%, and the chance of admixture with the other population is 10%.
The offspring of the opposite populations had an equal chance to belong to either population, and the
offspring from reproduction within the same population remained in their parents population.

(3) Recombination. Because the parental pairs were chosen in the preceding step, each parent’s
genome proceeded through recombination. The reported results used an average of 36 Poisson-
distributed recombinations per parent in a single linear genome (configurable), and accelerated re-
combination of 1000 average Poisson-distributed crossovers was used to validate population admixture
with a high level of difference in disease genetic architectures between populations.

(4) Gene Therapy. The gene therapy step consisted of sampling risk alleles for each individual
chosen as a subject for gene therapy. The requisite number of risk alleles were turned off in order to
achieve the chosen PRS improvement. As expected, the population average PRS reached equilibrium
during the generation of random mating. The same PRS improvement was achieved by applying the



116 Future Preventive Gene Therapy of Polygenic Diseases from a Population Genetics Perspective

same level of cumulative therapy to the highest-risk individuals or by averaging it over the population
or any other population subset. Of the available simulation options, two were found to be the most
illuminating: (a) therapy in a single generation of Population 1, followed by a varying degree of
admixture with Population 2, and (b) the continuous maintenance of a chosen optimal population
health improvement (PRS level) in Population 1, accompanied by varying levels of admixture with
Population 2. Gene therapy included the ability to define the set of SNPs to be edited. This was
carried out by specifying the desired SNPs in a configuration file, which was valuable for validating
the results shown in Section 5.2.2.

(5) Analysis. The individual risk alleles in each individual were accounted for at a number of stages
in the simulation process and aggregated into the population PRS distribution, prevalence analysis,
and Fst and AFD statistics, which were saved in comma-separated values format for further analysis
and reporting.

(6) Repeat. Steps (2)–(5) were repeated until the defined generation limit was reached. The simu-
lation flow configuration included the option of re-running the same simulations multiple times. This
allowed the results of multiple simulation runs to be averaged and the resulting multi-run variance
and standard deviation for key statistics to be determined.

The simulation configuration screen, which references the described and additional options, can
be seen in Figure A5.12. The final simulation results, source code, and the Windows executable are
available online in [173].

5.5 Conclusions

The simulations in this research demonstrated that, even if relatively large heterogeneity in the causal
allele set for EMODs existed between populations, it will not be easily detectable by epidemiological
studies in admixed populations. While the simulation results show that a large heterogeneity would be
hypothetically possible, GWAS findings indicate the existence of a discernible commonality of causal
SNPs for polygenic diseases between geographically distinct populations, and the extent of the risk
differences between populations due to unique causal SNPs is likely not extreme. Even if it were
large, this potential difference would not impede the outcomes of preventive gene therapies if they
were applied to turn population-specific true causal SNPs into a naturally existing neutral state of
nucleotides, and this would hold after populations admix.

Preventive gene therapy that is designed to turn true causal SNPs into a naturally existing neutral
state of nucleotides would result in a decrease in EMOD prevalence proportionate to the decrease in
the population relative risk attributed to the edited SNPs. The outcome will manifest differently for
LODs, where the therapies would result in a delay in the disease onset and decrease in lifetime risk;
however, the lifetime risk would increase with prolonged life expectancy, a likely consequence of such
therapies. EMODs exhibit some degree of incidence later in life, and, hypothetically, some of the
outcomes may share characteristics with LODs.
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In summary, the results of this study show that, if the preventive heritable gene therapies were
to be applied on a large scale, even with a fraction of the population participating, the decreasing
frequency of risk alleles in the population would lower disease risks or delay the ages of disease onset.
With ongoing population admixture, all groups would benefit throughout successive generations.
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A5.6 Appendix: Supplementary Chapters and Figures

A5.6.1 Population Stratification and Admixture from the Perspective of
Polygenic Disease Risk

Geographic and local population genetic stratification and variation complicate the ability to diagnose
and treat a number of medical conditions [148]. It is well known that people from different geographic
origins may have different rates of specific diseases, physiological responses to medications, and, as a
result, different medical treatment outcomes. For example, in the US, the prevalence of type 2 diabetes
is 12.8% in African Americans, 8.4% in Mexican Americans, and 6.6% in non-Hispanic whites [153].
Belbin et al. [155] investigated the difference in allele frequencies among individuals in Latin American
populations and found that, although they were ostensibly derived from the same population, the top
and bottom quartiles of the dominant ancestral component in admixed populations had larger changes
in allele frequencies, with 20.4% of sites exhibiting a difference in frequency of >10% in individuals
in the upper and lower quartiles with European ancestry in Puerto Rico. For individuals with Native
American ancestry in a Mexican population, 36.0% of sites differed by >10%. This characteristic is
shared by all groups that have undergone recent admixture and has been magnified by the multi-
continental ancestry and local differentiation that underlie the genetic history of Latino populations
[155]. A study that reviewed the US Veteran Affairs database [299] found age-adjusted prevalence
values of atrial fibrillation (AF) of 5.7% in European Americans, 3.4% in African Americans, 3.0%
in Hispanics, 5.4% in Native Americans/Alaskans, 3.6% in Asians, and 5.2% in Pacific Islanders. The
differences in prevalence were accompanied by differences in AF symptoms, management, response
to anticoagulants, and outcomes for these populations [319]. Another example is coronary artery
disease genetic risk, which also varies in prevalence among populations [320]. In addition, breast
cancer incidence is higher for Puerto Ricans and Cuban Latinas than for those from Mexico [321], and
there are statistical differences by national origin in the rates of prostate, colorectal, lung, and liver
cancers [321].

The predictive ability of GWAS and GWAS PRSs also varies broadly if the score is being applied to
a population other than the one for which the score was initially determined [9]. For example, Holley
et al. [322] observed significant differences in the distribution of SNPs associated with disease risk
in New Zealand Maori patients with myocardial infarction compared with those of European origin.
The authors concluded that although the genetic risk score (GRS) is overall higher for Maori when
applying existing GRS tools, careful evaluation is needed before internationally developed GRS tools
can be applied. Africa’s haplotype diversity, which is the highest on Earth, has important implications
for the design of large-scale medical genomics studies across the continent [323]. Investigations by local
research institutions, given their rich local clinical data and case-control base, could help to bridge
the existing knowledge gap and provide valuable nuanced genomic information for these communities
and their descendants, including those who have emigrated to other regions of the world.

At the same time, there are indications of commonality of gene variants that are causal for poly-
genic diseases among geographically distinct populations. A study by Seyerle et al. [151], which was
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performed for five geographically distinct populations, found that, of 21 SNPs implicated as genetic
determinants in QT-interval prolongation, seven showed a consistent direction of effect in all popu-
lations, and nine showed a consistent effect for four populations and typically small opposite effects
for the remaining population. The effect allele frequency (EAF) varied among these populations. A
GWAS on 28 diseases in Europeans and East Asians was conducted by Marigorta and Navarro [152],
who reported high trans-ethnic replicability, implying common causal variants. Admixed populations
usually show an intermediate level of liability or effect. For example, in individuals of Maori descent,
nicotine metabolism is 35% lower than that in Europeans, with the metabolism of admixed individuals
fitting between those of the two populations [154].

A simulation study by Zanetti and Weale [290] found that a combination of Euro-centric SNP selec-
tion and between-population differences in linkage disequilibrium and EAF was sufficient to explain the
rate of previously reported trans-ethnic differences, without the need to assume between-population
differences in the true causal SNP effect size. These findings suggest that the cross-population con-
sistency found in this study is larger than that usually reported. Martin et al. [292] stated that,
contrary to the belief that the polygenic scores of diverse populations are doomed to produce low PRS
predictive power, diverse cohorts, rather than homogeneous cohorts, should be used. The authors fur-
ther claimed that the effect size estimates from diverse cohorts are typically more precise than those
from single-ancestry cohorts, and the resolution of causal variant fine-mapping can be considerably
improved.

A5.6.2 Implementation of Common Low-Effect Genetic Architecture

The genetic disease architectures used in this research were based on [28]—a simulation study that
determined the number of alleles needed to achieve a statistical distribution variance that corresponds
to the heritability of a particular polygenic disease or phenotypic feature. The allele architecture sce-
narios were implemented in the simulations in an identical manner to that applied in earlier research,
in which five genetic architectures were validated and common low-effect-size genetic architecture
was determined to indeed best fit the observed experimental and clinical data (see [1] for a com-
prehensive description). The common low-effect-size genetic architecture was used throughout this
study. A concise summary of its major concepts, reformulated in terms of allele relative risks and the
implementation steps that differed in this research follows.

The resulting variance of the allele distribution was determined to be

var = 2
∑
k

pk(1− pk)(log(rk))2, (A5.6)

where pk is the frequency of the kth genotype, and rk is the relative risk of any additional liability
presented by the kth allele for a particular individual. The contribution of genetic variance to the risk
can be expressed as the disease heritability:

h2 =
var

var + π2/3
, (A5.7)
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where π2/3 is the variance of the standard logistic distribution [171].
Following [28], the variants were assigned to individuals with frequencies proportionate to the

minor allele frequency (MAF) pk for SNP k, producing, in accordance with the Hardy–Weinberg
principle, three genotypes (AA, AB, or BB) for each SNP with frequencies of p2k, 2pk(1 − pk), and
(1 − pk)2. The diploid Wright–Fisher model simulation with recombination requires the tracking of
SNPs on two chromosomes, and the individual PRSs βind for k SNPs were calculated as follows:

βind =
∑
k

2∑
c=1

ak c· log(rk), (A5.8)

where ak c (0 or 1) is the state of the kth SNP on chromosome c (1 or 2), and rk is the relative
risk of the additional liability presented by the kth allele for a particular individual. The population
mean PRS value βmean was calculated from the genetic architecture distribution using the following
equation:

βmean = 2
∑
k

pk· log(rk). (A5.9)

Two populations were always used in the simulations, and the βmean value of the first (reference)
population was applied to both populations, making it easy to compare the populations’ PRSs, as
well as the distribution of higher- and lower-risk individuals within and between the populations.

For the common allele low-effect-size genetic architecture model, which, based on [28], was expected
to be the most suitable for explaining the heritability of the analyzed LODs, the risk alleles were
discretized into five equally spaced values within the defined range, with an equal proportion of each
allele and an equal odds ratio in each. In this case, the MAFs were distributed in equal proportions
of 0.073, 0.180, 0.286, 0.393, and 0.500, while the relative risk (RR) values were 1.15, 1.125, 1.100,
1.075, and 1.05. Thus, 25 combinations were possible. These entire blocks were repeated until the
target heritability level was achieved, which, in this case, was 36 times for h2 = 50%. Figure A5.7
demonstrates the populations’ SNP and PRS distribution for the 50% heritability scenario and the
80% scenario used in the simulations of Dupuytren’s disease. The genetic architecture scenarios were
defined in comma-separated values (CSV) files in the executable folder. In this study, the files were
given names such as ’A0.txt’ and ’A11S.txt’.
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Figure A5.7: Population distribution of detrimental variant counts and polygenic risk scores (PRSs)
for common low-effect-size genetic architecture. (A) variant count for a simulated disease with 50% heritability;
(B) the PRS distribution for a simulated disease with 50% heritability; (C) variant count for a disease with 80%
heritability, exemplified by Dupuytren’s disease (DD); (D) the PRS distribution for DD, with 80% heritability.
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The file ’ConditionFiles.txt’ specifies which genetic architecture files were loaded for a given simu-
lation run. It contains two columns: the first column defines the number of times to repeat the loading
of a genetic architecture file to achieve the desired heritability, and the second column specifies the
name of the genetic architecture file. The simulations always operated on two populations. Therefore,
two files were always specified in two lines; the ‘#’ symbol was used as the first character in a line to
comment out that particular line. Genetic architectures can be specified by the same architecture file
when the initial population is homogeneous, or each file can represent different allele frequencies, but
the effect sizes must match.

Only the following columns from the genetic architecture files were applicable to these simulations
(the remaining columns may be set to 0 and ignored): SNP denotes the RSxxx-style SNP identifier;
EAF is the effect allele frequency; and OR is the odds ratio, which is actually the allele relative risk
in this case. Additional SNP lines were used to facilitate specific analyses. This was accomplished
by duplicating the entries and setting alternate entries to either the EAF required in the genetic
architecture or a low frequency to simulate a different allele or an allele that was not represented in
the populations.
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A5.6.3 Supplementary Figures
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Figure A5.8: Graphical display from the simulation screenshot showing the admixture of two popula-
tions with a 10-fold difference in relative risk. The 90o-rotated Gaussian-looking fills represent the population
density for each generation at the corresponding PRS values in log(RR) units on the y-axis, and the colors represent the
fraction of each population mix at each PRS value. (A) shows the 100% blending admixture, in which the individuals
from Population 1 mate exclusively with individuals from Population 2; (B) shows the 50% admixture, in which indi-
viduals from each population have an equal chance of mating within their population and with the other population;
(C) shows the case in which individuals in Population 1 have a 10% chance of mating with individuals from Population
2 and vice versa.
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Figure A5.9: Graphical displays from the simulation screenshots showing the population admixture for
diseases that are known to have large differences in risk between ethnic groups. Population 1: higher-risk
population (reference); Population 2: lower-risk population. The plots illustrate a scenario with 100% population blending
between Populations 1 and 2, which are equal in size. The 90o-rotated Gaussian-looking fills represent the population
density for each generation at the corresponding PRS values in log(RR) units on the y-axis, and the colors represent
the fraction of each population mix at each PRS value. (A) Dupuytren’s disease (DD), heritability 80%, Population
1 prevalence of 25%, Population 2 prevalence of 0.25% (100 times the relative risk). (B) Rheumatoid arthritis (RA),
heritability 60%, Population 1 prevalence of 3%, Population 2 prevalence of 0.3% (10 times the relative risk). (C) Lupus
erythematosus (LE), heritability 44%, Population 1 prevalence of 0.35%, Population 2 prevalence of 0.10% (3.5 times
the relative risk).
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Figure A5.10: The average number of edited SNPs per individual in the scenario in which gene therapy
maintains a constant optimal level of disease risk in the population participating in gene therapy, with
differing degrees of admixture with a non-participating population. The depth of the first edit was identical
for all admixture scenarios. The highest admixture rate among populations led to a initially higher number of the
maintenance edits, and the asymptotic balance—the point at which maintenance edits were no longer needed—was
reached more quickly. Comparatively, lower levels of admixture required a lower initial number of maintenance edits
per generation to maintain a constant risk level for the population participating in therapy. However, the number of
generations required to reach equilibrium was much larger.
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Figure A5.11: Relative PRS and prevalence progression during population admixture. The normalized
relative change in the population PRS and disease prevalence, where “1” is the initial value of the variable, and “0” is the
equilibrium value. (A) shows the ∆PRS relative to the equilibrium value of the normalized PRS. The displayed fractions
are identical to the simple population admixture proportions that would occur at the displayed rates of admixture; (B)
shows the ∆Prevalence relative to equilibrium normalized disease prevalence progression for population not directly
participating in the preventive therapy, when participating population average PRS is maintained at improved tenfold
PRS level (RR = 10.0, PRS = –2.30); (C) shows the ∆Prevalence relative to equilibrium normalized disease prevalence
progression for population not directly participating in the preventive therapy, when participating population average
PRS is maintained at improved fourfold PRS level (RR = 4.0, PRS = –1.386). The normalized relative improvement
for population not directly participating in therapy was slightly slower if compared to (B). For 10% admixture rate,
the improvement in the first three admixed generations was to the level of 93%, 86% and 80% for RR = 4.0 scenario,
compared with 92.5%, 84% and 76% for tenfold improvement scenario (RR = 10.0) in (B). The higher admixture
ratios show even faster prevalence reduction. This shows the comparable relative prevalence reduction, even though the
absolute asymptotic reduction differs 2.5 times between these scenarios. (D) shows, for comparison with Figure 5.5D,
the absolute prevalence improvement thanks to admixture for populations not participating in preventive gene therapy,
when participating population average PRS is maintained at improved fourfold PRS level (RR = 4.0, PRS = –1.386);
the corresponding normalized figure is depicted in (C).
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Figure A5.12: The configuration screen of the simulation program.



6. Discussion

The goal of this research was to develop a comprehensive picture of preventive polygenic disease
gene therapy from a population genetics perspective. The discussion will proceed in the order of
the publication chapters, which mostly coincides with the logical order of the concept development.
When more descriptive wording was possible, the section titles have been slightly modified from the
publication titles.

Quantifying the Change in LOD Risk Allele Frequency with Age of Diagnosis and Its
Effect on GWAS Statistical Discovery Power (Chapter 2)

The polygenic LODs affect a majority of the population at older ages. This fact is best illuminated by
Collerton et al. [193], who followed a cohort of individuals over the age of 85 in Newcastle, England,
and found that out of the 18 common old-age diseases they tracked, a man was on average diagnosed
with four and a woman with five.

Eight highly prevalent LODs were analyzed in this research: Alzheimer’s disease, type 2 diabetes,
coronary artery disease, and cerebral stroke and four late-onset cancers: breast, prostate, colorectal,
and lung cancer. The investigation into clinical statistics, epidemiology and genetics of these diseases
and implementing this knowledge into simulations led to interesting findings that were shared via two
publications [1, 2] and served as a basis for the subsequent research. This section and the next are
dedicated to discussing these findings.

The research presented in Chapter 2 [1] was conducted to establish whether any of the observa-
tional phenomena, including decreasing heritability and clinical predictive power of familial history
and GWAS scores with age for these notable LODs, and the limited success of GWAS discovery
(summarized in Appendix A2.6.1) can be explained by changes in the allele frequency between cases
and controls due to the higher odds of more susceptible individuals being diagnosed at earlier ages.
The simulations demonstrated that these phenomena can indeed be explained and predicted by the
heritability of the LODs and their cumulative incidence progression. By simulating population age
progression under the assumption of relative disease liability remaining proportionate to individual
polygenic risk (i.e., following Cox’s proportional hazards model under multiplicative genetic risk), it
was confirmed that individuals with higher risk scores will become ill and be diagnosed proportion-
ately earlier, bringing about a change in the distribution of risk alleles between new cases and the
as-yet-unaffected population in every subsequent year of age (as demonstrated in Figure 2.4). With
advancing age, the mean polygenic risk of individuals in the aging population declines. The fraction
of the highest-risk individuals declines even faster (as demonstrated in Figure 2.3).

While the number of the most susceptible individuals and the mean population genetic suscep-
tibility both decline with age, the incidence of all LODs initially grows exponentially, doubling in
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incidence every 5 to 8.5 years (described in Appendix 2.2.4), and remains high at older ages, leading
to a high cumulative incidence for some LODs. The increasing incidence rate in the face of declining
polygenic risk for the as-yet-unaffected population can be explained as a consequence of the aging
process, which itself is the major risk factor for LODs. In old age, people who have low genetic or
familial susceptibility are increasingly becoming ill with an LOD.

Simulations demonstrated that for a disease of a given genetic architecture and heritability, the
cumulative incidence, and not the incidence pattern that led to the achievement of a particular cu-
mulative incidence value, determines the distribution of risk alleles between new cases and the as-
yet-unaffected population in every subsequent year of age. The simulation results show that a GWAS
of any polygenic LOD that displays both high cumulative incidence at an older age and high initial
familial heritability will be affected by diminishing discovery power when using progressively older
age-matched cohorts.

Four of the most prevalent LODs—Alzheimer’s disease, coronary artery disease, cerebral stroke,
and type 2 diabetes—exhibit both a high cumulative incidence at an older age and high heritability,
particularly compared to cancers. For these LODs, the simulation results show high PRSs for the
earliest-diagnosed cases. At a very old age, the individuals whose genotype would be considered low
risk at an earlier age are the ones diagnosed with the disease; see Figure 2.3. A larger number of
cases and controls is needed at older ages to achieve the same GWAS statistical discovery power
(summarized in Table 2.5). Quantitatively, the age-matched cohort studies would require 1.5–2.1
times more participants at age 80 compared to the youngest possible age-matched cohorts in the case
of stroke, CAD, AD, and T2D. These results match the findings from clinical, familial heritability
studies and GWASs for these LODs.

LODs with low cumulative incidence and low familial heritability produce smaller changes in the
allele distribution between affected individuals and the remaining population. With age progression,
cancer incidence reaches only a small fraction of the incidence levels of these LODs, even for the
four most prevalent cancers. These cancers showed a noticeably smaller increase in the number of
participants in GWASs required to achieve the same statistical power, and while other factors could
be at play, the probabilistic effects determined by lower incidence and lower heritability of the analyzed
cancers are sufficient to explain this pattern. Generalizing to other cancers, the incidence is much lower
for more than hundred of the less prevalent cancer types. These findings correlate with the reported
stable heritability with age for the most prevalent cancers (as described in Appendix A2.6.1.2). These
patterns became an important component for the analysis of the outcomes of hypothetical future gene
therapy that will be discussed further.

Evaluating the Potential of Younger Cases and Older Controls Cohorts to Improve
GWASs’ Discovery Power of LODs (Chapter 3)

These results led to an observation that using younger cases and older controls could improve GWASs’
discovery power for some of the LODs. This notion was investigated through additional simulations
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and GWAS association analysis, and the findings, presented in Chapter 3, resulted in a separate
publication [2].

Designing cohorts composed of the youngest possible cases and the oldest available controls im-
proves GWASs’ discovery power due to a larger difference in risk allele frequency between cases and
controls. This effect is reminiscent of the example given by Sham and Purcell [175] for quantitative
traits, in which performing GWASs using only the extreme top and bottom 5% of the individual distri-
bution achieved the same result with 4.4 times fewer participants compared to a cohort of randomly
selected individuals. In contrast to the Sham and Purcell [175] example, the observed larger MAF
difference here is achieved not because of an enrichment of effect alleles with age—the youngest case–
control cohorts show the largest MAF difference and GWASs’ discovery power for the age-matched
cohorts—but rather, the MAF difference is enhanced by the impoverishment of the increasingly older
controls in terms of polygenic risk and corresponding effect allele frequencies. This cohort design leads
to a smaller number of participants being needed for GWASs, particularly when applied to the highest
cumulative incidence and heritability LODs—so much so that about 50% fewer participants were re-
quired to achieve the same GWASs’ statistical power when control cohorts between 90 and 100 years of
age are matched to the youngest case cohorts, with the reverse being the case with older age-matched
cohorts (as summarized in Table 3.1). Also notably, 20–25% fewer participants were needed in this
scenario to achieve the same statistical power in cancer GWASs, including even those focusing on lung
cancer.

Use of non-age-matched cases and controls in GWASs cohorts, while improving the discovery
power, may result in reporting a higher association effect than the “true” effect, as should be expected
with the enhanced difference in the effect SNP frequency between cases and controls, and thus would
require appropriate adjustment (as demonstrated in the Table 3.2 and in Figure 3.4). This study’s
simulations imply that the adjustment may be simplified by the fact that the bias magnitude was
found to be proportionate to the associated SNP effect size.

Not every GWAS will be able to find a sufficient number of youngest cases, like this study used
as the basis of comparisons. However, due to a close to exponential rise in the incidence rate with
age for most LODs starting at initial onset ages, the case cohorts can be formed at a somewhat older
age or with a wider cohort span, with a correspondingly somewhat smaller improvement in GWASs’
discovery power. For all LODs analyzed, a majority of the population would remain disease-free at
the ages of 80 and 90 years, with sufficient survivorship to provide a large pool of older controls.

The results of this study are based on idealized simulations assuming that the gene–environment
interaction, including the organism deterioration caused by the aging process, follows Cox’s propor-
tional hazards model. The population in these simulations is homogeneous in all respects, while a
practical GWAS would always have a varying degree of population diversity and nonhomogeneity
that must be accounted for and addressed in a GWAS’ quality control and study design [260]. Ad-
ditionally, younger patients may be confounded by other health and environment conditions. For
example, Boehme et al. [100] showed that concomitant with T2D diagnoses, other LOD incidences
may be shifted toward younger ages: by on average 20 years earlier for hypertension, followed by eight
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years earlier for coronary heart disease onsets, and four years earlier for stroke onsets. Lee et al. [261]
linked T2D with earlier or more severe AD manifestation. Studies by Song et al. [185] and Langenberg
et al. [245] indicated that the multiplicative (Cox’s) model is applicable in SNP-by-SNP and SNP-by-
environment interactions corresponding to these examples, although young cases’ quality control may
require greater diligence.

In conclusion, these results demonstrated that GWASs of the polygenic LODs that display both
high cumulative incidence at older ages and high initial familial heritability will benefit from using the
youngest possible participants. Moreover, GWASs would benefit from using as controls participants
who are as old as possible.

Quantifying the Potential for Future Gene Therapy to Lower Lifetime Risk and
Delaying Onset Age of Polygenic LODs (Chapter 4)

In this study, computer simulations mapped the polygenic risk to the hazard of being diagnosed with
eight common LODs, based on their known heritability and incidence rates, under the proportional
hazards model and multiplicative genetic architecture. The resulting mapping—the aging coefficient—
was used to quantify the populational outcomes of the emulated prophylactic gene therapy, alongside
longevity increases.

Applying the modeled aging coefficient to evaluate the impact of lengthening of life expectancy
on lifetime risk (without emulated gene therapy, see the block “Lifetime risk, baseline + longer life”
in Table 4.4) confirms the long-standing observation that aging itself is the predominant risk factor
for many LODs and conditions. With the introduction of an emulated life expectancy increase, the
lifetime risk increased. The lifetime risk increase with age was most prominent for AD, which regained
the pre-therapy baseline level of lifetime risk with a three-year longer lifespan. This matches the
observation of a higher prevalence of AD reported in countries with longer life expectancy, exemplified
by Japan [210]. Thus, if mortality from all causes decreased (resulting in a longer life expectancy),
AD is an LOD that would exhibit a rapid rise in advanced-age prevalence.

The simulated gene therapy reducing PRS by 4-fold resulted in the lower lifetime risk of the
population by 30% for AD, 33% for T2D, 54% for stroke, 50% for CAD, and a 59–73% decrease in
lifetime risk for the analyzed cancers (see the row “Therapy, unchanged life expectancy” in Table 4.4).
This outcome can be characterized by the delay in LOD lifetime risk, that is, the estimate of the
number of years it would take for each LOD to regain the pretreatment baseline level. Estimated in
terms of a disease lifetime risk delay, counted in the number of years of increase of average lifespan
it would take for an LOD to regain the baseline level before accounting for the gene therapy, the
simulated therapy intensity would result in a delay of about 3 years for AD; close to 10–15 years for
T2D, cerebral stroke, and CAD; and an even longer onset delay for breast, prostate, colorectal, and
lung cancers.

The simulations highlighted that the magnitude of familial heritability and cumulative incidence
patterns distinguish the outcomes for the treated LODs. AD shows the shortest onset delay, and
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to achieve longer onset delays, AD would require a higher number of gene edits. A pharmaceutical
intervention targeting a causal metabolic pathway or immune or inflammatory response [324] may be
more effective for AD, although past announcements that evoked false hope regarding breakthroughs
with these kinds of approaches are too numerous to cite.

While AD has emerged as one of the most difficult diseases to prevent, LODs with low cumulative
incidence, such as cancers, exhibit more enduring improvement under this model.

The potential limitation of this study is the possibility that GWASs (and other future statistical
and computational techniques) will have difficulties in finding a sufficient number of common low-effect
SNPs to decrease the disease liability to the level simulated in this research or that gene-environment
effects will not follow Cox’s proportional hazards model [26, 27] for some of the late-onset polygenic
diseases. The likeliest candidate is lung cancer, which has the lowest heritability and is the most
environmentally affected of all cancers reviewed here. For lung cancer, addressing the polygenic risk
of smoking [282] as well as the genetically influenced carcinogenicity of smoking on an individual
level [121] and environmental improvements may allow for similar amelioration of disease liability.

Even though each LOD was analyzed independently in this study, prioritizing certain LODs for pre-
ventive therapy in practice could have a significant effect on other conditions not specifically targeted
for treatment. For example, T2D causes many comorbidities, accelerating the onset of cardiovascular
and other diseases, sometimes by decades [100]. For this reason, preventive treatment of T2D could
mean improvements in health or delays in the presentation of a range of LODs, either independently
of or in addition to treating their specific gene variants.

A recent clinical and GWAS by Mars et al. [295] determined that the difference in age at disease
onset between the top and bottom 2.5% fraction of PRSs was 6–13 years for four LODs that overlapped
with this research. As can be seen in figures corresponding to these diseases, reported by Mars et al.
[295], a lower difference in the age of onset was found to be characteristic of T2D and CAD, while
breast and prostate cancers showed the highest differences in terms of the age of onset, thus clinically
confirming the patterns predicted by our simulations. In principle, the naturally occurring difference
in the age of onset for the top and bottom fractions of the natural PRS variation [295] shows that
applying gene therapy that would turn a sufficient number of true causal SNPs into neutral SNPs,
thus turning the high-risk population into the low-risk population, would have the predicted outcome
that would be reflected in years of a delayed LOD onset.

Evaluating the Potential for Gene Therapy to Lower Lifetime Risk of Polygenic
EMODs and Quantifying Population Stratification and Admixture Alongside the
Preventive Gene Therapies (Chapter 5)

With the application of the multiplicative genetic risk model, the diploid Wright–Fisher population
simulations developed in this research mapped the polygenic risk of the model genetic architecture of
EMODs based on their prevalence and heritability into individual disease probability. The probability
mapping found by these simulations (see in Figure 5.6) is similar to the liability thresholds models
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reviewed by Wray and Goddard [147]. However, as Wray and Goddard [147] concluded after presenting
tree main liability thresholds models, these models produce similar but not identical results, so it will
only be possible to distinguish between the three reviewed models in practice if genetic risk profiles are
able to reconstruct the majority of the known genetic variance, and this is unlikely for the foreseeable
future. Melnick and Shields [325] stated their dissatisfaction with liability thresholds models because
“little biological insight has resulted from the series of tautological, albeit grandiose, mathematical
assumptions currently comprising the basis for this hypothesis.” This is quite a strong statement.
As Wray [326] concluded in the discussion about the liability threshold models, “most models are
wrong some models are useful” (softening the statement made by one of the great statistical minds
of the second half of the twentieth century, George Box [327]). It was satisfying to develop a purely
probabilistic population simulation approach, based on modern genetics and GWAS findings, that
allowed realistic handling of the EMOD prevalence based on PRS distribution in simulated populations
under admixture and emulated gene therapy.

Simulations of the admixture between modeled populations using this framework were performed
to investigate a hypothetically possible range of heterogeneity of causal SNPs in geographically dis-
tinct populations. Subsequently, these simulations were applied to model scenarios of gene therapies
and assessed the relationship between population admixture and disease prevalence throughout gen-
erations.

The simulations of admixture with greatly differing causal SNP sets between populations with
identical disease prevalence demonstrated that, in principle, even if a large degree of heterogeneity in
causal allele sets for EMODs existed between populations, such heterogeneity would be difficult to
detect. Whether all causal SNPs were identical or whether a large fraction of them differed between a
pair of populations, the epidemiological and clinical statistics would be practically indistinguishable.
Equally, it was shown that the outcomes of gene therapies would not be impeded in either situation.
The commonality of causal gene variants for polygenic diseases between geographically distinct pop-
ulations, as reported by GWASs [151, 152, 307] (with some models exploring a larger extent of allelic
heterogeneity [88]), makes this extreme difference in causal allele sets unlikely, and the differences in
disease prevalence and disease manifestation between populations appear to be primarily caused by
differences in common allele frequencies.

The extreme differences in common EMOD risk, exemplified by Dupuytren’s disease, rheumatoid
arthritis, and lupus erythematosus, demonstrate the range of polygenic risk differences that may
develop between populations due to the geographic separation that occurred within an evolutionarily
short time. Furthermore, these differences indicate the potential to alleviate the risks of these and
other polygenic diseases using gene therapy. The results of simulated therapy for typical EMODs
show that the disease prevalence decreases in proportion to the degree by which the treatment lowers
the population’s average relative risk.

It is hard to imagine that, even if such gene therapies were available, everyone would participate.
In the hypothetical scenarios in which populations admix at a low rate of 10%—which would not
be typical, particularly in the Americas [308]—the prevalence rates of the targeted diseases in the
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fraction of the population not directly receiving gene therapy would noticeably decrease in the second
generation and even more so in subsequent generations. In the longer term, this admixture would
lead to lower and more equal disease risk for all populations. A hypothetical example of such group
stratification with regard to preventive gene therapy is genetic treatment during in vitro fertilization
(IVF), which could be legislatively limited only to situations in which the parents were found to
possess high PRSs of a polygenic disease [32]. In the first generation, only the direct recipients would
benefit, but population admixture over the scale of generations would cause the whole population’s
disease prevalence to diminish, as the simulations in this research have demonstrated.

Again, hypothetically, even if gene therapy was discontinued after significantly reducing the risk
of Mendelian diseases and EMODs over time, the low human germline mutation rate (estimated to
be an average of 1.18· 10−8 mutations per nucleotide per generation, which corresponds to 44–82
mutations per individual genome with an average of only one or two mutations affecting the exome
[94]) means that many generations would pass before the disease rates would significantly increase
again [92, 309, 310].

Finally, a complete picture of polygenic disease prevention was achieved by combining these EMOD
findings with the earlier LODs conclusion in Chapter 4. The LOD gene therapy effect can be primarily
described as a delay in the disease onset, in which the lifetime risk is limited by mortality from all
causes. The lifetime risk would increase with prolonged life expectancy, a likely consequence of such
therapies. Such an estimated disease onset delay was indirectly validated by Mars et al. [295].

This research confirms that for polygenic diseases, including LODs, if gene therapy was to lower
the frequency of true causal risk alleles and the corresponding population PRS, these proportions
would propagate throughout subsequent generations [82]. In the case of admixture with populations
not directly participating in gene therapy, the PRS would distribute proportionately to population
mixing ratios, which for LODs will be reflected in disease onset delay [3] for all beneficiary generations.
The incidence of EMODs does not strictly stop at a particular age; rather, a later but lower disease
incidence occurs for all EMODs referenced in Chapter 5. Therefore, preventive genetic treatment of
these conditions may to a degree result in a delay of disease onsets.

The apparent squaring of the mortality curve—the so-called compression of morbidity and mortal-
ity into older ages—implies that the maximum human lifespan is likely limited to about 120 years of
age [278–280] for exceptional rare individuals. At some point, the organism’s frailty, senescence, cellu-
lar, metabolic or immune system failure will inevitably lead to the manifestation of LODs, infections
and infection-related cancers, accidents, and other causes of morbidity and mortality [157, 328, 329].
This indicates that it would not be prudent in this research to take the extrapolations of lowering of
the lifetime risk and extending longevity into too advanced age. For this reason, the average longevity
increase for LOD simulations was limited to at most 15 years in Chapter 4, and while the longevity
increases were not a part of the EMOD risk model, similar caution should be stated for EMODs.
Keeping this organic limitation in mind, this study shows the potential for extending the population’s
healthspan and lifespan with future preventive gene therapies of polygenic diseases.
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Possible Future Directions

The analysis of the future preventive gene therapies of polygenic diseases is contingent on the technolo-
gies and much better understanding of the genetic targets for such editing. The technologies continue
to make rapid progress, as is summarized in the Introduction 1.1.2. To a large extent, this is driven
by active academic research. At the same time, the pharmaceutical companies are keenly interested in
developing gene therapies, and even though, as is noted in Section 5.1, the current focus is primarily on
single gene edits or knockouts, their formidable funding and R&D capabilities support rapid technical
progress.

The research into causality of individual common low effect SNP, particularly with the exact
knowledge of true causal alleles, is still limited. One of the research approaches that I personally plan
to join would involve testing of SNPs within a haploblock of a tag SNPs established by GWASs and
determining whether editing their alleles to test the known common nucleotide states would change
RNA expression of any genes and thus determine candidates for the true causal SNPs. Below, I discuss
a conceptual, forward-looking sketch of such a project.

One promising initial starting point of such research could be Alzheimer’s disease, with well re-
produced 40 candidate tag SNPs reviewed by Andrews et al. [330] that summarize three GWASs
[331–333]. The initial analysis of the partial set of SNPs identified between two and over a hundred
SNPs within haploblocks with the tag SNPs. As noted in Section 5.1, the possibility of more than
one allele within the block, potentially with an antagonistic effect, should be tested. An alternative
starting point could be GWAS of T2D from [334] with over 243 distinct genome-wide significant loci.

The effective techniques of reprogramming fibroblasts into induced pluripotent stem cells (iPSCs)
have been used for over a decade [335]. In the case of AD, initially two cell types, neurons and microglia,
would need to be differentiated from iPSCs [336–338].

The gene-editing techniques, including CRISPR-Cas9 or, if applicable, genome editing by reduced
DNA nicking techniques [62], or simultaneous editing of multiple positions [64], will need to be used
to produce cell lines with specific precise edits with subsequent testing on RNA expression, perhaps
similar to the experiments by Laurent et al. [339].
Some of the questions such pilot research could answer:

1. Whether it is possible to determine exactly through such tests the identity of the true causal
common low effect SNPs with ORs mostly in the range 1.025—1.15.

2. If the answer to question 1 is positive, the findings may help to design computational methods
capable of better true causal SNP assignment and estimates of the effect sizes, as well as possible
determination of whether enhancing or suppressing an effect of a specific SNP allele on gene expression
actually alleviates or increases a disease risk.

3. How common are multiple causal SNP alleles in haploblock with GWASs tag SNPs, and how
common are such multiple SNPs with a mixed (detrimental and protective) effect?

4. Using cell lines from different geographic origin populations would allow ascertaining the di-
rection of the alleles’ effect of such true causal SNP alleles in these populations. It would help to
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find a common subset of alleles that would be applicable for most or all geographic populations on a
per-disease basis. Answering this question will be also important from a purely academic perspective
as the only way to settle many experimental, simulational and hypothetical considerations mentioned
in this thesis.

5. Such experiments could potentially help answer the question of the extent of antagonistic and
agonistic pleiotropy between major medical condition.

6. If successful, such findings could contribute to a set of actionable common low effect SNPs for
future gene therapy.

Conclusions

Computer simulations of population age progression under the assumption of relative disease liability
remaining proportionate to individual polygenic risk have demonstrated that individuals with higher
polygenic risk scores will become ill and be diagnosed proportionately earlier with LODs, bringing
about a change in the distribution of risk alleles between new cases and the as-yet-unaffected pop-
ulation in every subsequent year of age. Consequently, GWASs of any polygenic late-onset diseases
that display both high cumulative incidences at an older age and high initial familial heritability will
show diminishing discovery power when using progressively older age-matched cohorts. Such studies
may benefit from preferentially matching the youngest possible case cohorts with the oldest possible
controls.

Simulations of preventive gene therapies, emulating editing the true causal alleles into naturally
occurring neutral states of the nucleotides, have demonstrated that such therapies would lower the
prevalence of polygenic EMODs in proportion to the decreased population’s relative risk that is at-
tributable to the edited alleles. The outcome would manifest differently for polygenic LODs, for which
the therapies would result in delayed disease onset and decreased lifetime risk, although the lifetime
risk would increase again with increasing population life expectancy, which is a likely consequence of
such therapies. Polygenic EMODs exhibit some degree of incidence later in life, and hypothetically,
some of the outcomes may share characteristics with LODs.

While the simulation results show that a large heterogeneity would be hypothetically possible,
GWAS findings indicate the existence of a discernible commonality of causal SNPs for polygenic
diseases between geographically distinct populations, and the extent of the risk differences between
populations due to unique causal SNPs is likely not extreme. Even if it was large, this potential
difference would not impede the outcomes of preventive gene therapies if they were applied to turning
population-specific true causal SNPs to a naturally existing neutral state of nucleotides, and this
would hold after populations admix.

If the preventive heritable gene therapies were applied on a large scale, the decreasing frequency
of risk alleles in populations would reduce the disease risk or delay the age of onset, even if only a
fraction of the population received such therapies. With ongoing population admixture, all groups
would benefit over generations.
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