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Abstract

The sequencing of the human genome has allowed the study of the genetic architecture of
common diseases; the number of genomic variants that contribute to risk of disease and their

joint frequency and effect size distribution. Common diseases are polygenic, with many loci
contributing to phenotype, with the cumulative burden of risk alleles determining individual risk

in conjunction with environmental factors. The majority of risk loci occur in non-coding regions
of the genome regulating cell- and context-specific gene expression. Although the effect sizes

of most risk alleles are small, their cumulative effects in individuals, quantified as a polygenic
(risk) score, can identify people at increased risk of disease, thereby facilitating prevention or early
intervention.

Competing genetic models of disease

Paradoxically, many common diseases occur in individuals with no family history of the
disease, yet relatives of those affected have an increased risk compared to an average person
from the population (1). These empirical observations can be reconciled with several genetic
models which differ in the expected number of contributing causal variants. The ability to
directly measure from DNA the degree of genetic variation among individuals has allowed
for tests that could support or refute proposed genetic models. Initial experimental designs
mimicked approaches that had been successful in identifying causal variants of single

gene Mendelian disorders, that assume simple recessive or dominant inheritance, driven

by the hypothesis that the genetics of common disease would be explained by relatively
few genes harboring major mutations that individually or in combination cause disease.
However, by-and-large, these experimental designs were not successful in leading to robust
and replicable associations for polygenic traits, despite their success in mapping mutations
causing Mendelian disease.

Sequencing of the human genome (2, 3) has led to the characterization of genomic
variation between individuals and populations and expanded our genomic technologies,

TCorresponding author. peter.visscher@ug.edu.au.
Author contributions: All authors contributed to the writing and reviewing of the paper.

Competing interests: none. Due to space limitations, we were not able to cite many other relevant papers in the literature.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Visscher et al.

Page 2

computational methods and experimental designs. One important innovation has been

the development of the SNP-array (single nucleotide polymorphism array or SNP-chip)
technology, whereby hundreds of thousands of DNA variants (mostly SNPs) can be scored
robustly in a single assay (4). The low cost of this technology drove widespread uptake of
the experimental design of genome-wide association studies (GWAS), which test for SNP
allele frequency differences between affected (cases) and unaffected (controls) individuals
and have revolutionized our understanding of the genetic basis of common polygenic disease
(Box).

GWAS has illuminated the polygenic nature of common diseases. Hundreds to thousands of
genomic loci with a robust association with any one disease or trait have been identified (5).
As GWAS sample sizes increase, the number of loci detected with statistical significance
also increases in a linear manner (6). However, as sample sizes grow, the effect sizes of

the new significantly associated loci tend to be become very small. In combination with

the known limitations of GWAS (see Box), this complicates efforts to use raw results from
GWAS to gain insights into disease pathogenesis and pathophysiology.

In addition to GWAS, genome-wide surveys of rare variants have been conducted either by
population studies of the protein coding regions of the genome, the exomes, in case-control
studies, or by enrichment of de novo variants in cases from family studies (7). Empirical
results are consistent with those from GWAS, in that rare deleterious mutations in many
genes can contribute to disease risk and that on average the exome contributes only a small
proportion of risk in the population. Since every individual harbors de novo mutations,
disease-relevance of the mutations requires the affected gene to have been identified in
several families together with annotations of functional relevance, with loss of function
variants of most relevance (8). The GWAS design is not restricted to disease and has become
a powerful tool to study phenotypes such as gene expression, DNA methylation and histone
modification, at the level of bulk tissue and individual cells.

Two decades ago, the debate about the genetic architecture of common disease was divided
between proponents of a Mendelian model, in which a few rare variants of large effect

size were segregating in the population, and advocates of a many-gene polygenic model,
whereby the cumulative burden of risk variants in a person determines their risk (9).
Halfway models postulated that effect sizes would be intermediate and that such variants
would likely be found among protein altering polymorphisms (9). Many proponents of
sequencing the human genome anticipated a rapid identification of disease genes with a
subsequent fast track in developing therapeutics. These predictions were mostly wrong.
Instead, GWAS studies provided empirical support for a highly polygenic architecture of
common disease and evidence for a role of polygenic variation in rare diseases (Table 1).

A spectrum of genetic architectures

Genetic architecture encompasses the total number of functional variants and the frequency
and effect size of each of them that affect a trait or disease. Causal variants of common
diseases have frequencies across a wide allelic spectrum, from rare to common. Many
genetic effects act in an additive manner, with respect to an underlying disease liability,

Science. Author manuscript; available in PMC 2023 February 22.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Visscher et al.

Page 3

with disease resulting from the accumulated burden of risk factors (Fig. 1), resulting in
non-additive (e.g., multiplicative) determination of whether disease occurs or not. Empirical
results from GWAS have shown that although common diseases are highly polygenic,
their genetic architecture differ. In particular, some diseases (e.g., coronary artery disease,
type 2 diabetes) have risk variants of large effects that segregate at appreciable frequency
in some populations (10) combined with a polygenic tail, whereas for other diseases
(e.g., schizophrenia) no such variants have been detected (Table 1). The disease burden
(liability) model is consistent with observed risk for diseases where there are variants of
large effect. For example, the consequence of large effect variants can be amplified or
attenuated by polygenic risk background and other factors contributing to risk (Table 1).
In general, common adult-onset disorders are not due to rare large effect variants, as such
mutations often lead to more severe and early clinical symptoms, diagnosed in childhood.
A wide range of polygenic genetic architectures underlie diseases (11). Thus, the genetic
architecture of disease, whether rare or common, is consistent with the hypothesis that all
diseases are polygenic, but some have mutations of large effect (Table 1).

Polygenicity and natural selection

Recent studies (11-13) have used theory, simulations and empirical analyses to highlight
negative selection as a prominent evolutionary force shaping the degree of polygenicity of
diseases as well as its variation across genomic loci. Negative selection primarily acts by
removing alleles with a strong deleterious effect on fitness from the population. Therefore,
negative selection directly controls the number of mutations segregating in the population,
thus imposing an upper bound on disease polygenicity depending on a variant’s relation to
fitness. More generally, negative selection also prevents mildly deleterious alleles on fitness
from reaching high frequency in the population (14). Thus, a signature of negative selection
induces an inverse relationship between the magnitude of SNP effects and their minor allele
frequency (13, 15). Statistical methods using GWAS summary statistics have exploited this
property to show evidence of negative selection for a wide range of traits and disease,
including late onset disease (12, 13, 16). However, as GWAS only partially inform on causal
variants, those methods have limited ability to quantify a direct relationship between the
strength of selection and the degree of polygenicity. Indeed, the estimated number of SNPs
with a non-zero effects on a trait (12, 17, 18), another commonly used statistic to quantify
polygenicity, is correlated with but is not an unbiased estimator of the number of causal
variants. Importantly, the bias of that estimator depends on the disease heritability but also
on the strength of selection (12). Other factors influencing bias are properties of the study
design, such as sample size and criteria for selecting SNP density and frequency (17).
Despite all those limitations, estimates of the number of non-zero effect SNPs suggests that
common diseases are, on average, less polygenic than other traits including anthropometric
and brain-related phenotypes. Schizophrenia is a well-recognized outlier, with one of the
largest degree of polygenicity reported across traits and diseases (11, 18). One feature of
the observed polygenicity of complex traits, including common disease, is that it tends to
be distributed widely across the entire genome. It implies that there are many sites in the
genome that, when perturbed through mutation, can contribute to a particular trait or disease.
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Other methods (19-21) have also leveraged the availability of large sets of GWAS
associated SNPs to quantify small changes in risk allele frequencies in response to new
selection pressures. These methods have shown evidence of directional selection on health-
related traits such as blood pressure and body mass index (20). Furthermore, the refined
characterization of genes that are constrained by natural selection has provided new ways to
annotate GWAS findings, thereby improving their biological interpretation.

In summary, recent contributions shed new light on the causal link between natural
selection and polygenicity, and improved GWAS-based approaches, to refine detection and
quantification of the effect of natural selection on the genetic architecture of complex
diseases. We anticipate that quantification of polygenicity from whole-genome sequence
(WGS) data will reveal more detailed resolution and more reliable predictions regarding the
evolution of complex disease (7).

(risk) scores continue to mature

An exciting development in human genetics has been the use of GWAS data to create
polygenic predictors for complex traits and quantify their association with disease and other
outcomes in independent data. A polygenic (risk) score (PRS) is a sum of the number of risk
variants at multiple genomic loci, weighted by their effect size which have been estimated
from independent data. Harnessing genome-wide linkage disequilibrium between marker
genotypes and trait loci and perform a genomic prediction is was first suggested in the
context of plant and animal breeding and has been used widely in agriculture (22). Polygenic
prediction is entirely based upon association, just like GWAS. The increase in sample sizes
in GWAS has facilitated polygenic predictors that have effect sizes of risk as large as known
monogenic mutations that are clinically actionable (10) (Fig. 2). Since genetic factors are
not the only contributors to risk of common disease, polygenic predictors are not expected
to be diagnostic. Nonetheless, they have utility similar to other predictors used in medicine.
When more of the trait variance is accounted for in polygenic predictors, the differences

in lifetime prevalence between individuals at high and low predicted risk should increase
and improve the accuracy of polygenic prediction, by better modelling of the distribution

of effect sizes (23-25). Resources with polygenic score information have been created to
ensure reproducibility in research and translation (26, 27).

Polygenicity spurs new experimental designs

Past studies in human disease genetics relied on family data, whereas the current focus

is on populations (e.g., GWAS). However, the distinction is artificial since populations
consist of individuals that are related to each in some way, either with recent or more

distant common ancestors. Combining the power of population genomics studies with the
naturally occurring controls that pedigree studies offer, can address the degree of heritable
vs. environmental impacts on phenotype (hature-nurture) with new designs, when previously
environment and genetic effects were difficult to disentangle. For example, GWAS data on
families were used to separate a direct (causal) genetic effect from an indirect genetic effect
that reflects the parental “nurturing” environment (28). We anticipate that such designs are
important for understanding common diseases and their risk factors, especially those with
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a behavioral component. The availability of tens of thousands of GWAS-associated SNPs
offers opportunities to answer scientific questions about natural selection, human behavior
and causality. For example, as the predictive accuracy of polygenic scores increase, we can
now quantify the flux of trait-associated alleles between geographical areas and thereby
elucidate some of the correlates of population migration (29, 30). More widely, there is

a growing trend to embed genomics into social sciences research (31), requiring careful
consideration of the implications and applications of such studies (32).

Another exciting new experimental design facilitated by GWAS discoveries is Mendelian
Randomization, which attempt to mimic a randomized control trial by using SNPs that are
associated with an modifiable risk factor (e.g., body-mass index) to quantify its causal effect
on disease risk (e.g., type 2 diabetes) (33). Testing for putative causality between exposure
and disease is important in epidemiology and public health because it leads to evidence-
based policy interventions and health advice. Mendelian randomization is a cost-effective
way to prioritize hypotheses that could then be addressed by formal but expensive clinical
trials, or to provide causal evidence when such trials would be unethical. More generally,
the widespread availability of GWAS summary statistics for diseases and other complex
traits, including molecular omics phenotypes, has led to new powerful analysis paradigms by
mimicking experiments where all traits would be measured on all individuals, yet without
the necessity of individual-level data (34).

Association studies to date have mostly relied on SNP-chip technology combined with
statistical imputation using a sequenced reference panel. While successful for populations
of European ancestry, they have been less so for other less sampled populations (35);

likely because of differences in allele frequencies and linkage disequilibrium (LD) patterns
between human populations (35). Large biobank-style studies across multiple ancestries are
needed to understand human gene-disease associations within and between populations and
improve polygenic predictors across ancestries.

Whole genome sequencing offers more information for GWAS analysis to discover disease
loci because all genomic variants in a sample are observed, in contrast to GWAS-by-chip
where only a small fraction of all possible variants are genotyped, and additional variants
are imperfectly imputed using a statistical algorithm. Therefore, GWAS-by-WGS can, in
principle, improve the ability to detect associations between rare sequence variants and
disease. However, the relationship between effect size and allele frequency (12) implies that
sample sizes to detect rare variants from WGS data would need to be very much larger

than the detection of common variants through GWAS-by-chip, because detection power is a
function of both the effect size and allele frequency and also on the total number of variants
tested, which is much larger in GWAS-by-WGS. Burden tests, whereby the number and
composition of multiple rare variants in a gene are jointly assessed for disease association,
may overcome some of these statistical limitations. Sufficiently powered studies performing
GWAS-by-WGS will improve polygenic risk scores, because the combination of rare and
common variants will explain more of the genetic variation contributing to the trait.
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From genetic to biological models

Researchers have, understandably, tried to simplify the complexity of polygenicity and
proposed biological models that are compatible with a large number of genomic sites that
are associated with common disease. One such model proposes that the diagnostic label of
a given disease can reflect multiple distinct underlying biological pathways, each polygenic
(36). In this way, having high polygenic risk for any one of the underlying biological
pathways is sufficient to lead to disease. This model implies that gene-gene interactions

on the scale of liability for the labelled disease are important, which appears inconsistent
with subsequent empirical results which point to additivity on this scale. Additivity on the
liability scale is an important property as it implies that effect sizes are transferable across
individuals within a population, so that disease can be studied and predicted irrespective of
the specific combination of risk alleles in a person (Fig. 1).

More recently, the omnigenic model was proposed to reconcile polygenicity with biological
function (37). The model proposes a mechanistic explanation for why so many variants,
spread across the genome can be responsible for the genetic variation between people
observed for complex traits and common disease. In brief, genetic variants with proximal,
cis-effects on peripheral genes perturb the regulation of a smaller class of core genes via
distal, trans-regulatory networks. Thus, studying peripheral genes help unravel the biology
of a trait, because they explain the trans-regulatory context within which core genes sit,

but the disease-specific core genes are the most important for disease-specific research.

One component of the hypothesis, the identification of core genes has been tested for three
molecular traits measured in blood, urate, IGF-1 and testosterone concluding that association
signals were interpretable in terms of the physiology of the traits and concentrated near core
genes and core pathways (38). However, even for these molecular traits it was not possible to
test the trans-regulatory network component of the hypothesis which requires larger sample
sizes than currently available, suggesting that it may be impossible to test the omnigenic
model for complex traits such as common disease.

A disease-specific palette model was proposed for type 2 diabetes (39), as a simple
visualization of the polygenic model. This model suggests that although there are multiple
biological processes involved in diabetes (such as insulin secretion, insulin resistance,
dyslipidemia), with multiple underlying environmental risk factors, individuals with diabetes
are likely to have a risk burden across many biological and environmental categories.
Many common diseases are chronic, relapsing and remitting. A network dyshomeostasis
model has been proposed to describe the cumulative contribution of genetic variants and
the environmental factors impacting the gut microbiome that together lead to risk of
inflammatory bowel disease (40). Statistically, the omnigenic, palette and dyshomeostasis
models are consistent with the additive liability threshold model of common disease, in
which probability of disease is multiplicative across all risk factors, both genetic and
environmental.
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From variant discovery to disease biology

Many GWAS results confirm biology that is already known or suspected, for example the
role of sodium / potassium ATPase in type 2 diabetes (41), which drives the expectation

that GWAS results can add to our understanding of biology. In general, the biological
inference is more straightforward for individual molecular traits such as blood metabolites
than for common diseases. We currently have few maps linking mechanism to medicine. For
example, while the causal role of Huntington’s Disease (HD) was identified as an expanded
genomic repeat in 1993, this knowledge has still not led to new treatments. However, GWAS
studies are now being used to identify polygenic variants that provide protection for onset of
HD on the basis of the age of onset (42). GWAS of Crohn’s Disease (CD) (43, 44) helped
define the role of autophagy in this disease and catalyzed research to define the roles of key
genes in autophagy and the role of autophagy in the pathophysiology of CD. Inflammatory
bowel diseases (IBD) GWAS led the field in biological understanding and translation (40),
perhaps because the diseases are well-defined and less heterogeneous with affected tissue
easier to biopsy than in other common diseases. Such research has identified genetic variants
converging on a multitude of cellular and molecular pathways that regulate homeostasis of
the mucosal immune system interacting with the gut microbiome (40).

In general, however, it has been difficult to learn new biology solely from GWAS results,
because of the large number of associated variants, their small effect sizes, and the inherent
challenges in moving from the associated SNPs to causal variants to causal genes (or

other functional units) and towards the driving disease biology. Also, the effects from
associated SNPs to trait may transit through intermediate phenotypes, such as transcript
levels (8) (Fig. 3). Effect sizes of SNPs estimated in GWAS have been integrated with
molecular phenotypes such as gene expression, chromatin accessibility and other functional
annotations (45) in enrichment analyses, as a way to learn more about the most proximal
molecular mechanisms affected by GWAS signals (Fig. 3). Greater understanding of the
nature of DNA secondary structures (46) have provided insights into how a SNP thought

to be causal for an established association in or near one gene may exert effects on a gene
located at a considerable distance within the genome (47, 48). Furthermore, the impacts and
interactions of a panoply of RNA-based functional units is still lacking. Thus, the transition
from causal SNP to causal gene or protein remains challenging.

Similar challenges are faced in understanding how genes alter human biology to drive
disease susceptibility. Given the number of genes whose functions are unknown or poorly
annotated, the nature of some of these challenges are clear. Knowledge of when and where
each gene is most uniquely needed for maintenance of healthy homeostasis is required (49,
50). Studies in Mendelian diseases with large-effect mutations have revealed complexities
in cell- and tissue-specific effects of genes on human biology affecting disease risk; greater
challenges in elucidating similar mechanisms for genes in which the genetic variation
contributing to disease risk are substantially smaller await.

From our current vantage point it is clear that genetic studies of common human diseases
need more tools to directly investigate the biological links between genetic variants,
environment and disease. When individually small effects coalesce to have organism-wide
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consequences for health and disease, they do so by working through biological systems that
we are learning to characterize at all levels of scale from nuclear, to cellular, to tissue, and to
organism.

Given the preponderance of non-coding variation associated with polygenic liability to
human disease, research is needed to elaborate and measure, over a variety of contexts and
at scale, the many ways that RNA affects protein abundance. These approaches are already
starting to emerge. For example, through an integrated analysis of genome, transcription and
DNA methylome of kidneys, 479 GWAS associations between SNPs and blood pressure
could be connected to 1,038 genes expressed in Kidneys, identifying druggable targets for
hypertension (51).

There are many drugs currently used with success for common disorders, such as lithium
for bipolar disorder, for which the biological mechanism is not understood. Causal inference
through Mendelian Randomization, particularly with regard to using genetic information to
identify potential drug targets (52), could lead to drug repurposing and partially sidestep the
need to link GWAS SNPs to mechanism.

As genetics and genomics partner with medical investigations in the diagnosis and treatment
of patients, we anticipate many medical centers becoming a source of data to probe how
genetic variation relates to the broad phenotypic spectrum of humanity. Challenges lay
ahead, but tackling these complex problems provides opportunities to improve all human
health. Despite the all-too-human tendency to oversimplify the complexity of biology, recent
progress reminds us that we can improve not just our global understanding of the biology

of common human diseases, but also our practical ability to contribute meaningfully to their
treatment even as we discover and acknowledge greater complexity in the underlying genetic
models.
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Box:
Genome-wide Association studies (GWAS)

GWAS is an experimental design to detect population-wide associations between genetic
markers and trait loci for applications in plant and animal breeding and for human disease
(22). In human GWAS, the association between each of the hundreds of thousands to
millions of SNPs identified within a sequenced pool of individuals and a complex trait

is tested for statistical significance from a sample of individuals in the population. For
common disease, the sample consists of cases and controls, whereas for a quantitative
trait it can comprise a random set of individuals spanning the distribution of the trait.

GWAS relies on population-level linkage disequilibrium (LD, the non-random
association between alleles at different genomic loci), between alleles at observed
genetic markers and unobserved disease loci on the same chromosome. LD is created by
geographic and evolutionary forces, in humans particularly those due to finite ancestral
population size and natural selection (56). The amount of LD in most human populations
is such that scoring a few hundred thousand well-chosen loci is sufficient to ‘tag’ the
entire genome for unobserved common variants, even when the total number of common
variants is of the order of tens of million. By design, GWAS leads to statistically
significant associations between loci and traits. However, in practice neither the variant or
variants that cause the statistical association signal nor the gene (or other functional unit)
that is their target is identified, because the causal variant(s) may not be genotyped or
imputed, because by chance a non-causal variant in LD (correlated) with a causal variant
may have a stronger association signal, and because the actual causal variants may be far
from the target gene, e.g. 1Mb for a SNP associated with body-mass index (48). This is a
known but important limitation of the design.
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Fig. 1. Visualizing the polygenicity of common disease.
Each panel shows the number of risk alleles (0 = gray, 1 = blue, 2 = red) for an individual

from the UK Biobank (UKB) at each of 117 type 2 diabetes (T2D) and 306 breast cancer
(BC) disease-associated loci. The total counts of risk alleles for the individual is listed at
the top of each panel. For each disease, two individuals were selected with disease and in
the top 1% of the count of the number of risk alleles, and two controls without disease
from the bottom 1%. The panels show that (i) every individual has a unique risk profile, (ii)
controls carry risk alleles at many loci and (iii) cases have on average only a small increase
in the risk variant burden. Selecting the top and bottom 1% of this population on the number
of risk variants gives mean numbers of risk variants of 131 and 98 for T2D and 325 and
269 for BC, respectively, with disease prevalence of 7% versus 2% (T2D) and 19% versus
2% (BC). Hence, although the mean number of risk variants between cases and controls is
generally small, individuals who have a high burden of risk variants have greatly increased
risk of disease. Polygenic scores are not diagnostic; most individuals in the top 1% of the
PRS distribution do not have disease and, conversely, some in the bottom 1% do.
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Fig. 2. Risk asa function of polygenic predictor percentiles.
Risk or prevalence of inflammatory bowel disease, atrial fibrillation, type 2 diabetes,

coronary artery disease, glaucoma, breast cancer and Alzheimer’s Disease are shown as
function of the 11, 5t and 10t decile of their polygenic risk score (PRS) predictor.
Glaucoma and breast cancer prevalence were measured at age 70 and 60, respectively.
Prevalence of inflammatory bowel disease, atrial fibrillation, type 2 diabetes, and coronary
artery disease were measured in the UK Biobank at age ranging from 40 to 70; and
prevalence of Alzheimer’s disease from 65 years. Improvements in the accuracy of
polygenic scores will increase the difference in lifetime risks across the percentiles. Data
from (10, 53-55). Rare BCRA1/BRACZ2 mutations affecting breast cancer risk are not
captured in the common variant polygenic score. For Alzheimer’s Disease, the common
APOE e4 variant explains approximately half of the risk in the 101" decile group (53).
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Fig. 3: Causal path from a genotype to disease via multiple molecular mediators.
The red dotted line shows that a genotype is associated with disease (hypertension), the

primary observation from GWAS. The yellow and blue dotted lines show that the same
genotype is associated with multiple molecular mediators (1 to k). The genotype is a
quantitative trait locus (QTL) for moderators X, where x can encompass a wide range of
mechanisms, included gene expression (eQTL), splicing (SQTL), epigenetic marks such as
methylation (mQTL) and protein levels (pQTL), both in c/sand frans. The schematic shows
how a causal variant can contribute to disease risk through many different routes. There
could be a single molecular mediator (k = 1, e.g., gene expression) or multiple ones, and if
there are multiple molecular traits involved the order may be different for different causal
variants. Finally, as observed with empirical data, effect sizes tend to become smaller (from
top to bottom, as shown) because at each step additional factors come into play that dilute
the contribution from the genetic variant. Researchers use statistical co-localization and
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mediation analyses to find the most likely causal paths using GWAS data on disease and
moderators. Data on additional molecular mediators are being collected to fill in missing
links in the genotype to disease causal pathway.
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Table 1.

Polygenic contributions in a range of genetic architecture contexts

disease: a single
variant (rare in
the population)
leads to high
frequency of
disease in some

Genetic Disease examples Detail of polygenicrole

architecture

context

Dominant Huntington: a progressive Age of onset is associated with the number of copies of the CAG repeat.
Mendelian neurodegeneration disorder defined by The Genetic Modifiers of Huntington’s Disease Consortium have used the

elevated number of copies of a CAG
trinucleotide repeat located in the first
exon of the HTT gene.

GWAS paradigm studying age of onset (42), identifying to date 21 associated
loci, providing evidence of natural compensatory mechanisms with a polygenic
architecture which are considered the most likely avenue to identify drug target
opportunities for this classic Mendelian disease.

families
Lynch syndrome: a colorectal cancer In the UK Biobank the probability of colorectal cancer by age 75 was 2%
defined by pathogenic variant in one for those without Lynch syndrome pathogenic variants and 35% for those
of four genes: MLHI, MSHZ, MSHS6, with variants (0.15% in UKB). For those with Lynch syndrome variants the
PMS2. probability of colorectal cancer by age 75 ranged from 11% to 80% for the
lowest to highest percentile of PRS constructed from colorectal cancer GWAS
(57).
Familial hypercholesterolemia (FH): a In the UKB the probability of CAD by age 75 was 13% for those without FH
high cholesterol disease leading to high | pathogenic variants and 41% for those with variants (0.67% of CAD cases). For
risk of coronary artery disease (CAD) those with FH variants the probability of CAD by age 75 ranged from 18% to
defined by pathogenic variant in one of 78% for the lowest to highest percentile of PRS constructed from CAD GWAS
three genes: LDLR, APOB, PCSKQ. (57).
Presumed Developmental delay disorder: children | As well as reporting severe/moderate/mild intellectual disability and high
monogenic with neurodevelopmental disorders rates of ASD (17%), patients in the Deciphering Developmental Delay
mutations with clinical features sufficiently severe | (DDD) study (n = 6,987) were on average 0.72 SD shorter, weighed 0.15

to implicate a de novo or inherited
monogenic mutation.

SD less and had a head circumference that was 1.20 SD smaller than the

age and sex-adjusted population (58). In addition to these mean differences
associated with developmental delay, variation in birth weight, height and ASD
withinthe DDD cohort was highly associated with their corresponding PRS.
Finally, common variants, which are not correlated with monogenic mutations,
explained about 8% of risk of DDD. Therefore, polygenic variation can affect
both the risk and clinical features in a disorder that is usually considered to be
monogenic.

Large effect
variants in
common disease

Breast, ovarian and prostate cancers:
pathogenic/likely pathogenic variants in
BRCAIand BRCAZare found in a
small proportion of those with these
cancers.

In the UKB the probability of breast cancer (BC) by age 75 was 10% in those
without pathogenic or likely BC pathogenic variants (found in 3.1% of the
17,344 controls), compared to 35% in those with such variants (found in 9.1%
of the 1,1920 women with breast cancer). For those with pathogenic variants
the probability of BC by age 75 ranged from 13% to 76% for the lowest

to highest percentile of PRS constructed from BC GWAS (57). Qualitatively
similar results have been reported for ovarian and prostate cancers (59, 60).

Glaucoma: Pathogenic variants in the
myocilin MYOC gene account for 2—
4% of primary open-angle glaucoma,
the most common subtype of glaucoma;
p.GIn368Ter is the most common
variant

In the UKB, of those with the pathogenic GIn368Ter M YOC variant (n=965),
those in the lowest tertile of PRS for glaucoma had 2% risk of glaucoma by age
60, but the risk was six-fold higher in those in the top tertile of PRS (55).

Disease
definition
impacts genetic
architecture

ASD/developmental delay

In psychiatric and behavioural disorders, diagnoses are allocated on the
observable clinical symptoms which overlap only partially with genetic
architecture. For example, ASD is 3—-4 times more common in boys, indicating
a female protective effect. As a result, girls with ASD have higher mean ASD
PRS than boys. Girls with ASD are more likely to have large effect or de novo
variants than boys, as boys with these variants are more likely to be diagnosed
with developmental delay.

Common disorders of onset in early
adulthood, such as schizophrenia and
type 2 diabetes

While large effect variants are observed in late onset (post-reproductive years)
disorders such as Alzheimer Disease (APOE), ALS (SOD1)and age-related
macular degeneration (CFH), such variants are notably absent from common
adult onset behavioural/psychiatric (61) or metabolic disorders (62). Large
effect variants may lead to earlier clinical presentations resulting in childhood-
onset syndromic diagnoses.

ASD: autism spectrum disorders; PRS: polygenic risk score; SD: standard deviation; UKB: UK biobank — a volunteer cohort of 500,000 people
recruited aged 50-70 years.
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