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Common disorders are

quantitative traits
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Abstract | After drifting apart for 100 years, the two worlds of genetics —
quantitative genetics and molecular genetics — are finally coming together in
genome-wide association (GWA) research, which shows that the heritability of
complex traits and common disorders is due to multiple genes of small effect
size. We highlight a polygenic framework, supported by recent GWA research,
in which qualitative disorders can be interpreted simply as being the extremes
of quantitative dimensions. Research that focuses on quantitative traits —
including the low and high ends of normal distributions — could have
far-reaching implications for the diagnosis, treatment and prevention of the

problematic extremes of these traits.

After the rediscovery of Mendel’s laws of
inheritance in the early 1900s, a controversy
arose between Mendelians, who searched
for qualitative traits that show Mendelian
patterns of inheritance, and biometricians,
who focused on quantitative traits that are
normally distributed. Although Fisher’s 1918
paper’ provided the basis for reconciling the
differences between Mendelians and biome-
tricians, these two worlds of genetics drifted
apart because of the differing perspectives
that follow from thinking qualitatively versus
thinking quantitatively. The two worlds are
now being brought together by genome-wide
association research (GWA research), which
shows that the ubiquitous heritability of
common disorders is due to multiple genes
of small effect size.

As the two worlds of genetics come
together, it is timely to reconsider the
implications of Fisher’s 1918 paper in rela-
tion to common disorders. Fisher showed
that quantitative traits could be explained
by Mendelian inheritance if multiple genes
affect the trait. However, most GWA
studies are case—control studies that focus on
qualitative traits and typically compare
allele frequencies for diagnosed cases versus
controls®’. But if GWA studies indicate that
multiple genes affect these disorders, this

implies that their genetic liability is
distributed quantitatively rather than
qualitatively. We examine this disconnection
between qualitatively diagnosed disorders
and their quantitatively distributed poly-
genic liabilities. We also consider ways in
which research into polygenic liabilities for
disorders leads to quantitative traits. We do
not address the GWA debates about com-
mon versus rare variants or about ‘missing
heritability™. Also, our focus is on common
disorders, which are the targets of many
current GWA studies, rather than the
thousands of rare monogenic disorders.
Thinking quantitatively has practical
implications for GWA research as well as
far-reaching conceptual and clinical implica-
tions. In our opinion, the polygenic liabilities
that emerge from GWA research will lead
to common disorders being thought of as
the extremes of quantitative traits and, ulti-
mately, to a scientific focus on quantitative
traits rather than disorders.

The two worlds of genetics

Mendelians versus biometricians. Molecular
genetics and quantitative genetics both

have their origins in the early 1900s, when
Mendel’s laws were rediscovered. The

split in the world of genetics began with a

decade-long dispute between Mendelians,
who were led by Gregory Bateson, and
biometricians, who were led by Karl Pearson.
Mendelians looked for Mendelian patterns
of inheritance in qualitative traits as the hall-
mark of inheritance, whereas biometricians
argued that Mendel’s laws could not apply
to quantitative traits because such traits
showed no simple pattern of inheritance.
Both sides were right and both were wrong.
The Mendelians were correct in arguing
that heredity works the way Mendel said it
worked, but they were wrong in assuming
that complex traits show simple Mendelian
patterns of inheritance. The biometricians
were right in arguing that complex traits
are distributed quantitatively not qualita-
tively, but they were wrong in concluding
that Mendel’s laws of inheritance are par-
ticular to pea plants and do not apply to
complex traits.

The disagreement between the
Mendelians and biometricians was resolved
when biometricians realized that Mendel’s
laws of inheritance of single genes would
also apply to complex traits that are influ-
enced by several genes, each of which is
inherited according to Mendel’s laws. This
resolution was formalized in R. A. Fisher’s
1918 paper, ‘The correlation between rela-
tives on the supposition of Mendelian inher-
itance’. Fisher began with the hypothesis
that if several genes affect a trait, the trait
will be normally distributed as a quantita-
tive trait, even though each gene is inherited
according to Mendel’s laws. Although Fisher
referred to “a large number of Mendelian
factors”, even with just three genes the geno-
typic distribution begins to approach a nor-
mal distribution in the population (BOX 1).
This paper became the cornerstone of the
field of quantitative genetics®.

Quantitative genetics versus molecular
genetics. Despite Fisher’s reconciliation, the
two worlds of genetics went their separate
ways for most of the twentieth century
because of their widely different interests and
perspectives. Quantitative geneticists investi-
gated the genetics of naturally occurring phe-
notypic variation by using methods — such
as strain and selection studies in non-human
animals and twin and adoption studies in
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humans — that estimated the cumulative
effect of genetic influence regardless of the
number of genes involved or the complexity
of their effects. By contrast, the progenitors of
molecular genetics studied how genes work
rather than particular phenotypes: they
focused on rare naturally occurring mono-
genic effects or experimentally induced
ones. Both worlds of genetics assumed that
it would not be possible to identify specific
genes for complex traits and common disor-
ders because they are likely to be influenced
by multiple genes of small effect.

Coming together in genome-wide association
research. Since the 1980s, the discovery of
millions of DNA markers has made it pos-
sible to identify genes for complex quantita-
tive traits that are influenced by multiple
genes of small effect, not just qualitative
monogenic disorders. This trend accelerated
rapidly with the development of microarrays
that can genotype millions of DNA mark-
ers, which have led to an explosion of GWA
studies of common complex disorders and
diseases®. GWA research finds associations
of small effect size with odds ratios of less

than two, which implies that many such
genes are needed to account for the
heritability of the disorders’.

Mendel showed how monogenic qualita-
tive effects can explain the inheritance of
qualitative traits. Fisher showed how qualita-
tive Mendelian inheritance can explain the
inheritance of quantitative traits if multiple
genes are involved. Here, we draw attention
to the underlying implication that qualita-
tive disorders that are influenced by multiple
genes are quantitative traits.

Thinking quantitatively

The finding that multiple DNA variants

are associated with common disorders is
leading to disorders being thought of in
quantitative terms. As multiple DNA vari-
ants are identified, they can be aggregated
into composites that represent the polygenic
liability that underlies common disorders.
These polygenic liabilities will hopefully lead
us to think about disorders as the extremes
of quantitative traits and, ultimately, to focus
on quantitative traits rather than disorders.
But which quantitative traits underlie the
common disorders that we study?
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For some disorders, the relevant
quantitative traits seem obvious, such as
body mass index (BMI) for obesity, blood
pressure for hypertension, and mood for
depression. However, when the polygenic
liabilities of these disorders are investigated
empirically, the answers are unlikely to be
so simple, as discussed later. The relevant
quantitative traits are not at all clear for
most disorders — including alcoholism,
arthritis, autism, cancers, dementia,
diabetes and heart disease.

Thinking quantitatively will be aided by
speaking quantitatively — a shift in vocabu-
lary is required so that we start talking
about ‘dimensions’ rather than ‘disorders’
and about genetic ‘variability’ rather than
genetic ‘risk’ Thinking quantitatively also
requires familiarity with the statistics of
quantitative traits, such as linear regression
rather than logistic regression, variance rather
than mean differences, and covariance
rather than comorbidity.

The polygenic liability for common dis-
orders is normally distributed; the challenge
is to determine the extent to which quan-
titative traits reflect this polygenic liability.

Glossary

Autophagy

The degradation by a cell of its own components.
In the immune response, autophagy removes
intracellular bacteria and viruses, and enhances
adaptive immunity.

Case—control study

Compares cases (a selected group of individuals,

for example, those diagnosed with a disorder) with
controls (a comparison group of individuals, for example,
those who are not diagnosed with the disorder)
Genome-wide association case—control studies test
whether genetic marker allele frequencies differ between
cases and controls.

Comorbidity
The co-occurrence of two or more disorders or
diseases in an individual.

Covariance
A statistic that indicates the extent to which two
variables are related and vary together.

Crohn’s disease

Characterized by chronic intestinal inflammation,
which leads to diarrhoea, bleeding, severe abdominal
pain and weight loss.

Effect size
The proportion of individual differences for a trait in the
population that are accounted for by a particular factor.

Genome-wide association research

A hypothesis-free genetic method that uses hundreds
of thousands of DNA markers distributed throughout
the chromosomes to identify alleles that are correlated
with a trait.

Heritability
The proportion of phenotypic variance in a population
that is due to genetic variation.

Linear regression

A statistical method for testing and describing the linear
relationship between variables. The regression coefficient
describes the slope of the regression line and reflects

the amount of variance of the dependent variable that is
explained by variation of the independent variable.

Logistic regression

A statistical method for testing and describing

the linear relationship between variables when the
dependent variable is binary. It relates the log odds

of the probability of an event to a linear combination of
the predictor variables.

Odds ratio

A measurement of the effect size of an association for
binary values. For example, in case—control studies, the
odds ratio is calculated as the odds of an allele in cases
divided by the odds of the allele in controls. An odds
ratio of one indicates that there is no difference in allele
frequency between cases and controls.

Pleiotropy
The effect of a single gene on multiple phenotypes.

Population cohort study

Alongitudinal study of individuals who are representative
of the general population and who are often recruited

by their year of birth.

Power
The probability that a statistical test will reject the null
hypothesis when the alternative hypothesis is true.

Quantitative genetics

A theory of multiple gene influences that, together

with environmental variation, results in quantitative
(continuous) distributions of phenotypes. Quantitative
genetic methods, such as twin and adoption methods
for human analysis, estimate genetic and environmental
contributions to phenotypic variance and covariance

in a population.

Sensitivity

The proportion of true positives that are accurately
identified as such — for example, the percentage of cases
that are diagnosed using a questionnaire. A sensitivity of
100% means that all cases are correctly identified.

Specificity

The proportion of true negatives that are classified as
negatives. For example, a diagnostic test with specificity
of 100% means that all healthy people have been
identified as healthy.

Trait

A phenotype that differs between individuals in a
species and shows some stability across time and
situations. Disorders and diseases are qualitative
(dichotomous) traits; quantitative traits are continuously
distributed, usually as the bell-shaped curve called the
normal distribution.

Variance
A measure of the dispersal of phenotypic scores
around the mean.

Web-based testing

Administering online questionnaires and tests using the
internet, which allows access to large and geographically
diverse samples.
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Box 1| Polygenic traits are quantitative traits

R. A. Fisher’s 1918 paper, ‘The correlation between relatives on the supposition of Mendelian
inheritance’, resolved the often bitter conflict between biometricians and Mendelians, which
raged for a decade following the rediscovery of Mendel’s work. Fisher showed that a complex
quantitative trait could be explained by Mendelian inheritance if several genes affect the trait.
Because he crossed true-breeding plants, Mendel’s experiments showed that a single locus
with two alleles of equal frequency results in three genotypes (see the figure, part a). If the
allelic effects are additive, the three genotypes produce three phenotypes; in the case of
Mendel’s qualitative traits, the allelic effects showed complete dominance, so only two
phenotypes were observed. However, assuming equal and additive effects, 2 genes yield 9
genotypes and 5 phenotypes (part b) and 3 genes yield 27 genotypes and 7 phenotypes (part
c). With unequal and non-additive allelic effects and some environmental influence, three
genes would result in a normal bell-shaped curve of continuous variation (part d). This logic
assumes common alleles; rare alleles will skew the distribution. Genome-wide association
research suggests that many more than three genes affect most traits, which underscores the
expectation that polygenic traits are quantitative traits.
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These quantitative traits need not be limited
to symptoms of the diagnosed disorder

but can occur at any level of analysis, as
discussed in the following section.

Identifying quantitative mechanisms
Once multiple genes are found to be asso-
ciated with a disorder, understanding the
mechanisms by which each gene affects

the disorder leads to quantitative traits being
recognised at all levels of analysis: from gene
expression profiles, to other ‘-omic’ levels

of analysis, to physiology and often to the
structure and function of the brain®.

For some traits, such as type 2 diabetes
(T2D), a quantitative approach has already
been embraced, with striking results’.
Although the first T2D GWA studies were
case—control studies (REF. 49, and subse-
quently other studies, for example, REF. 3), a
wave of follow-up studies have focused on
quantitative traits that are related to T2D,
including levels of fasting glucose'® and
C-reactive protein', and glucose tolerance’.
These studies are leading to refinements in
the definition of T2D.

Recent studies of Crohn’s disease (CD)*?
have provided less well-known examples
of how quantitative traits that are relevant
to disease might arise from GWA studies.
GWA studies have yielded several genes
that are associated with CD susceptibility'’.
The search for the mechanisms by which
these genes affect the disorder is leading to
quantitative traits, such as inflammatory
response', bacterial survival and chronic
inflammation'>'®. Recently, GWA research
has implicated autophagy as a previously
unsuspected quantitative mechanism in
CD pathogenesis'>*.

Other disorders are currently under
GWA scrutiny; the mechanisms by which
the identified genes affect the disorder are
likely to lead to quantitative traits.

Weighting disease genes. GWA studies are
revealing that several different quantitative
mechanisms underlie disorders and are show-
ing that the sets of variants that are associated
with each mechanism sometimes relate to

the subtypes of a disease. For example, in the
case of CD, nucleotide-binding oligomeriza-
tion domain-containing 2 (NOD?2) variants
are associated largely with CD of the ileum?,
whereas interleukin 23 receptor (IL23R)
variants are associated with all CD subpheno-
types?. This suggests the possibility of using
weighted sets of variants to reflect the poly-
genic liability and to predict clinically useful
features®, which is discussed in the following
section on polygenic risk scores.
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In addition, emerging evidence suggests
that there is considerable and unexpected
pleiotropic overlap among the genetic vari-
ants that affect different human diseases®.
For example, one region of chromosome
8q12 is associated with several forms of
cancer®, and a growing number of loci are
associated with more than one autoimmune
disease*. These findings have inspired
the concept of the human ‘diseasome’ — the
synthesis of all human genetic disorders
(the disease phenome) and all human disease
genes (the disease genome)®. This approach
shows the existence of genetic links not only
between subtypes of the same disorder but
also between apparently disparate conditions.
These links, and their mechanisms, will
become clearer as online molecular databases
of genome-wide assays mature. In the future,
the practice of weighting disease genes
in the prediction of quantitative features of a
disease phenotype may extend beyond nar-
row classifications of qualitative diseases to
a full quantitative understanding of the
multivariate diseasome (BOX 2).

The practical use of polygenic risk scores
Predictive testing. Above we have discussed
investigating the pleiotropic effects of each
DNA variant independently. However, poly-
genic liability can be indexed empirically
by a set of DNA variants that are associated
with the disorder; such a set aggregates
the small effects of each DNA variant®.
We use the term ‘polygenic risk score’ to
refer specifically to the set of multiple DNA
variants that are associated with a disorder.
(Such composites have also been called
polygenic susceptibility scores?, genomic
profiles®, SNP sets?, genetic risk scores®
and aggregate risk scores.) Polygenic risk
scores are beginning to be used to predict
the population-wide genetic risk for com-
mon disorders, such as breast cancer®,
atherosclerosis®, coronary heart disease®,
age-related macular degeneration®,
recurrent venous thrombosis®® and T2D?*.
In addition to using them to predict
diagnosed disorders, polygenic risk scores
can be used in research, unencumbered
by the demanding clinical thresholds for
sensitivity and specificity. We suggest that
the research applications of polygenic risk
scores will inevitably lead to quantita-
tive traits, partly because polygenic risk
scores are themselves normally distributed
quantitative traits.

Sensitive genotypic selection. Another use
is for studying individuals at high polygenic
risk by using polygenic risk scores to select

individuals based on their genotype rather
than their phenotype. Because many indi-
viduals at high polygenic risk will not reach
the diagnostic criteria for the disorder,
more subtle and sensitive quantitative trait
measures will be needed to investigate the
multivariate quantitative traits that reflect
polygenic risk. Genotypic selection for
research into high polygenic risk will be
especially useful in intensive and expensive
research, such as neuroimaging, which

is limited to relatively small sample sizes
whereas genetic research requires large
sample sizes owing to the small effect sizes
of the individual DNA variants.

Thinking positively. The most innova-

tive implication of thinking quantitatively
about polygenic liability is that it leads to
thinking positively. Instead of focusing
only on the vulnerabilities of individu-

als with high polygenic risk scores, a new
direction for research is to consider the
resilience of individuals with low polygenic
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risk scores — the individuals at the
neglected ‘other end’ of the continuum
of polygenic liability.

Qualitative thinking about disorders
leads to a medical model mindset in which
the goal is to fix the problem so that the
individual can be returned to normality.
By contrast, thinking positively suggests
that we should investigate mechanisms that
push beyond normality. For example,
individuals who are dealt a hand of Tow-
risk’ alleles for obesity may not just be at
low risk for obesity — the ‘healthily slim’
might also be invulnerable to the tempta-
tions of our obesogenic environment.
Investigating the positive end of polygenic
liability could lead to mechanisms that
promote healthy outcomes, which might
differ from mechanisms that help us to
avoid unhealthy outcomes. Moreover, inter-
ventions that are aimed at making people
healthier might be more effective at a pub-
lic health level than those that aim to make
people avoid harm.

Box 2 | Pleiotropic relationships and quantitative traits: the example of FTO

The robust association between
variants in fat mass and obesity
associated (FTO) and obesity is one
of the great success stories of recent

Qualitative thresholds

Quantitative traits
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discovery of genetic variants, in scientific terms there are no real ‘genes for disorders’.

On the contrary, the genetic variants that are implicated in complex traits are associated with
quantitative traits at every level of analysis. Thinking and researching quantitatively will
provide a much richer picture of the complex biological pathways that lead from genes to
disorders and will help us to generate biologically meaningful models of disease aetiology.

The medical model is a useful benchmark for translating research into practice, but we must be
careful that our diagnoses follow from our science, and not the other way around.
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Box 3 | Towards quantitative thinking — phenotypically and genotypically

In a traditional case—control study, controls are
often selected from among individuals without
the disorder, or even from among members

of the population irrespective of disease
status. This means that in terms of normally
distributed polygenic risk, the controls can be
nearly (or actually) cases. However, it is often
also possible to characterize disorders in
terms of quantitative traits and, analogously,
to consider the quantitative polygenic risk.
Thinking quantitatively in the design of
genome-wide association (GWA) studies for
common disorders and complex traits can
increase the statistical power, help to uncover
biological pathways from gene to disorder,
and harness the potential of population-based
cohort studies that have already collected
array data and phenotypic data on multiple
quantitative dimensions.

The three risk distributions shown in the
figure — ‘case—control’, ‘extreme selection’
and ‘quantitative measurement’ — can be
interpreted from both phenotypic and
genotypic viewpoints, with the x axis
representing either phenotypic scoreson a
quantitative trait or polygenic risk scores, as
described in the main text. Phenotypically, the
first distribution (‘case—control’; see the figure,
part a) represents the selection of cases and
controls in a GWA study of a common disorder.
If the underlying disorder is interpreted as a
quantitative trait, then many of the so-called
‘controls’ are phenotypically nearly cases. In
studies that use an unselected control sample,
some of the controls would indeed meet
diagnostic criteria. Similarly, if the distribution _
is taken to represent polygenic risk scores, then
many of the controls are as extreme as the
cases in terms of genetic risk.

The second distribution (‘extreme selection’; part b) represents an alternative selection strategy.
Phenotypically, if the common disorder is interpreted as a quantitative trait, ‘super controls’ can be
drawn from the opposite end of the distribution to maximize the statistical power for a given
number of arrays by achieving the maximum possible phenotypic separation between the cases
and controls. Genotypically, genetic associations from a conventional case—control analysis can be
used to form a normally distributed polygenic risk score. The cases are already known to score low
on this index, but what about the opposite extreme of the polygenic risk, the individuals with all the
‘healthy’ alleles? The potential of genomically selecting these individuals on the basis of polygenic
risk and investigating them phenotypically is explored in the main text.

The apogee of quantitative thinking is an unselected population sample (‘quantitative
measurement’; part c) in which participants are assigned their own score based on a phenotypic
quantitative dimension and researchers adopt a different set of statistical tools to analyse the data.
Using a population cohort with multiple quantitative traits that are measured in this way opens up
other possibilities for genotypic analysis, such as exploring the genetic overlap among quantitative
traits that contribute to a disease and charting the relative contributions of particular genetic
variants to build up aetiological profiles that may change throughout development and in the
context of different environmental influences.

a Case—control

Number of individuals

Phenotypic score or polygenic risk score

b Extreme selection

Super controls

Number of individuals

Phenotypic score or polygenic risk score

€ Quantitative measurement

Each participant

assigned an
individual score

Number of individuals

Phenotypic score or polygenic risk score

However, this ‘other end’ of the normal example, being at the lowest end of the poly-

distribution of polygenic liability for disor-
ders is uncharted territory. It is possible that
the ‘positive’ end of the polygenic liability is
not so positive — the lowest polygenic risk
scores could have problems of their own. For

genic liability for obesity might entail other
risks, such as greater risk for not eating well-
balanced meals or greater susceptibility to
eating disorders. From an evolutionary per-
spective, averageness might be an adaptive

trade-off against the mixture of costs and
benefits of more extreme polygenic liabili-
ties, especially given the fluctuating nature of
selection”. An adaptive edge for averageness
also suggests an evolutionary mechanism
that would maintain genetic variation in

the population and therefore account for the
ubiquitous high heritabilities of traits across
the life sciences.

Studying the full range of variation. In
addition to investigating the low and high
extremes of the normal distribution of
polygenic liability, polygenic risk scores will
lead to research on the full range of normal
quantitative trait variation. Studying popula-
tions rather than probands might lead to
multivariate quantitative traits that reflect
polygenic risk scores better than do the dis-
orders themselves. Sometimes multivariate
research based on polygenic risk scores will
point to a network of related quantitative
traits. For example, five SNPs associated
with coronary heart disease all seem to be
involved in intracellular vesicle trafficking™.
Most often, however, polygenic risk scores
are likely to incorporate DNA variants with
differing functions, at least in terms of what
is currently known about their function.
For example, SNPs that are associated with
breast cancer include genes in the cell cycle
control pathway and genes that are involved
in steroid hormone metabolism and signal-
ling*?. Nonetheless, their joint association
with a disorder indicates that they do in fact
overlap in their downstream function. In
this way, polygenic risk scores that consist
of DNA variants of disparate function could
lead to a systems approach that is anchored
by their common association with a
disorder?. Research on the full range of
normal variation in a population also has
implications for GWA studies, as described
in the following section.

Implications for GWA studies

Quantitative traits that reflect the polygenic
liability for disorders have practical
implications for GWA research.

First, for common disorders, statistical
power can be greatly enhanced by conduct-
ing GWA studies that compare the low and
high extremes of quantitative traits or by
studying the entire distribution, rather than
dichotomizing the same distribution into
cases and controls¥. Case—control studies
of rare disorders already achieve a form of
selection of one population extreme by
the overrepresentation of cases compared
with ‘normal’ controls; however, as disor-
ders become more common, a quantitative
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approach becomes more powerful because
the cases become less extreme and the con-
trol group becomes increasingly contami-
nated by ‘near cases’ — that is, individuals
who nearly reach the diagnostic thresholds
for the disorder®.

Second, identifying the quantitative
dimensions of complex traits can be benefi-
cial even for dissecting rare disorders, the
study of which can be enriched by popula-
tion cohort studies. The latest GWA stud-
ies are collecting genome-wide genotype
information on large population cohorts,
which often include extensive data on
multiple quantitative phenotypes and how
they change over time?. These data will be
invaluable for further exploration of how
disorders develop and relate to each other
in aetiological terms’. Population cohorts
with relevant quantitative phenotypes will
be a useful complement to the current prev-
alence of case-control GWA studies (BOX 3).

Third, the increasing emphasis on popu-
lation cohort studies opens the door for a
new wave of phenotyping; the aetiological
data already available make these cohorts
the ideal sampling frame for new data col-
lection. Now that much of the genotyping
has been done, one of the greatest chal-
lenges of the next decade will be to add
value to our existing population resources.
Advances in technology, such as web-based
testing* and the digitalization of patient
records, will allow us to accumulate and
coalesce massive amounts of quantitative
information on population cohorts. This
will lead us towards a holistic understand-
ing of the origins of human disease, thereby
completing the work that has already begun
in the field of phenomics*"*.

Perspectives

When several genes affect a disorder, the
polygenic liability is continuously distrib-
uted as a normal bell-shaped curve, as
Fisher noted in 1918. Although qualita-
tive diagnoses of common disorders are
the focus of most GWA research, GWA
results indicate that multiple genes affect
these disorders, which means that what

we call common disorders are, in fact, the
quantitative extremes of continuous distri-
butions of genetic risk. The obvious test of
this hypothesis is that polygenic risk scores
will be associated not only with differences
between cases and controls but also with
individual differences throughout the entire
range of variation. For example, genes that
are found to be associated with hyperten-
sion in case—control studies are predicted
to be correlated with the entire range of

variation in blood pressure, just as genes
that are found to be associated with obesity
in case—control studies are correlated with
the entire range of variation in BMI*.

The problem is that for most disorders,
we do not know what the relevant quantita-
tive traits are. Even when we think we know
the relevant quantitative traits, we are likely
to be surprised, as research on polygenic
risk scores considers the full range of nor-
mal variation in population cohort studies
and captures the diffuse pleiotropic effects
of genes. One limitation is measurement:
in many domains, more sensitive measures
than simply discriminating between cases
and controls are needed to assess individual
differences throughout the normal distri-
bution. Another limitation is the need for
large samples for investigating variation
throughout the population, although this
constraint will be mitigated by the use
of polygenic risk scores, which aggregate
the small effect sizes of individual
DNA variants.

Clinical implications. Polygenic risk scores
are already being used to predict individu-
als at high polygenic risk, although even in
aggregate the effect sizes of associations are
not yet large enough to yield predictions
that reach the levels of sensitivity and spe-
cificity that are required for clinical utility.
As mentioned above, there is a more gen-
eral and novel clinical repercussion: think-
ing quantitatively about the full range of
normal variation, including the neglected
‘other end’ of the normal distribution of
polygenic risk.

We predict that qualitative diagnoses
will give way to quantitative dimensions
as a consequence of research on polygenic
risk. Independently of genetics, this trend
towards thinking quantitatively can already
be seen in the area of mental disorders, in
which new diagnostic procedures include
dimensional approaches**, although
debates about diagnoses versus dimensions
span the entire breadth of medicine®.

In addition to its impact on diagnosis,
research on the polygenic liability for disor-
ders will affect interventions. Most notably,
thinking quantitatively leads to a public
health model that attempts to evaluate the
population’s risk quantitatively and to focus
on prevention rather than just treating
cases”. Improved prediction is necessary
for effective prevention; primarily this will
happen when we study these complex traits
as multivariate continuous dimensions,
rather than being limited by clinical
diagnoses and definitions.

PERSPECTIVES

Conclusions

We predict that research on polygenic
liabilities will eventually lead to a focus

on quantitative dimensions rather than
qualitative disorders. The extremes of the
distribution are important medically and
socially, but we see no scientific advantage
in reifying diagnostic constructs that have
evolved historically on the basis of symp-
toms rather than aetiology. A more pro-
vocative way to restate our argument is that
from the perspective of polygenic liability,
there are no common disorders — just the
extremes of quantitative traits.
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CORRIGENDUM

Common disorders are quantitative traits
Robert Plomin, Claire M. A. Haworth and Oliver S. P. Davis
Nature Rev. Genet. 10, 872-878 (2009)

Anincorrect version of this article was previously published online (publication date 27 October 2009). In the second
paragraph of the ‘Identifying quantitative mechanisms’ section on page 874 in this article, the history of genome-wide
association (GWA) studies for type 2 diabetes was incorrectly described and a key reference was omitted. The corrected
paragraph is shown below.

The authors apologize for this error.

For some traits, such as type 2 diabetes (T2D), a quantitative approach has already been embraced, with striking results®.
Although the first T2D GWA studies were case—control studies (REF. 49, and subsequently other studies, for example, REF. 3),
awave of follow-up studies have focused on quantitative traits that are related to T2D, including levels of fasting glucose®
and C-reactive protein'!, and glucose tolerance®. These studies are leading to refinements in the definition of T2D.

Reference 49 has now been added to the reference list.

© 2009 Macmillan Publishers Limited. All rights reserved
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