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ecause cardiovascular disease (CVD) is the leading
cause of morbidity and mortality in the Western world,1
reduction of CVD is the focus of a large body of research.
Ever since the initial Framingham study, researchers have
sought to identify and validate CVD risk factors, now often
referred to as “traditional” risk factors, including age, sex,
blood pressure, lipid parameters, diabetes, and smoking.2
More recently, extraordinary efforts have been undertaken to
construct large study samples to carry out population-based
genome-wide association studies (GWAS) to further deconstruct the heritable component of CVD risk, with the successful identification of molecular determinants, such as the
robustly associated chromosome 9p21 locus.3– 6 However, a
substantial component of heritable CVD risk still exists,7 and
new study designs and statistical methods will be necessary
for uncovering additional associated variants.
Mounting evidence suggests that common complex disorders represent the extremes of quantitative traits.8 The evaluation of individuals with extreme values of a continuously
distributed trait in studies seeking to identify quantitative trait
loci has a long history in genetics. “Selective genotyping”
was first described by Lander and Botstein9 in the context of
animal models, and later Carey and Williamson10 and then
Risch and Zhang11 described the approach in family-based
linkage studies. Schork et al12 demonstrated formally that
selective genotyping, or genotyping of the extremes, showed
substantial efficiency gains in human genetic association
studies. Since the publication by Schork et al, a number of
authors have extended the extreme sampling strategy to the
use of more general selection strategy designs,13 considerations when loci are multiallelic and exhibit varying strengths
of linkage disequilibrium,14 and for use in DNA pooling
strategies.15
The various ultrasound techniques used to monitor carotid
atherosclerosis, including intima-media thickness, plaque
area, and plaque volume, are correlated with each other16 but
appear to represent different components of the atherosclerotic process.17,18 Among the carotid imaging phenotypes,

plaque area as measured by 2-dimensional B-mode ultrasound is so far best correlated with traditional risk factors and
best able to predict coronary events, stroke, and death.18 –21
Here we update a previously described approach22 in the
context of GWAS, namely, genotyping individuals with
extreme values of the multiple-regression residual of plaque
area involving correction for traditional risk factors, to
efficiently detect genetic variants with small effects on CVD.
Studying the extremes of plaque area unexplained by
traditional risk factors permits the omission of those individuals who are not of interest, specifically those whose extreme
plaque area is predicted by traditional risk factors that are
neither genetically based nor modifiable or whose extreme
plaque area is essentially predicted by treatable traditional
risk factors, such as tobacco smoking, blood pressure, and
cholesterol. The extremes of unexplained atherosclerosis
design permits a focus on patients who are of great interest
with respect to identifying new disease pathways and therapeutic targets. We find that to obtain similar statistical power,
the number needed to genotype is 4 times greater when using
a population-based approach compared with an approach
based on targeted genotyping of individuals at the extremes
of unexplained atherosclerosis and unexplained protection.
The approach described here could be easily adapted to other
complex phenotypes with known risk factors.

Methods
Subjects
Patients were ascertained at the Vascular Disease Prevention Clinics
at University Hospital in London, Ontario, Canada. Patients were
referred to the Premature Atherosclerosis Clinic because of either
clinical evidence of excessive premature atherosclerosis given Framingham risk factors or a strong family history for early CVD. They
were referred to the Stroke Prevention Clinic because of history of
stroke or transient ischemic attack. The study was approved by the
ethics review board of the University of Western Ontario. Medical
history questionnaires and physical examination were performed on
all patients. Plasma lipid and lipoprotein concentrations were determined from blood, after a 12-hour fast, with standard methodolo-
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is either a genotype-based ANOVA with 2 df or a 1 df linear
regression, assuming an additive model.26 Alternatively, if a recessive or dominant inheritance model is hypothesized, either a 1 df
ANOVA between genotype groups or a 2 df linear regression with an
additional term for dominance deviation can be performed. However,
after targeted genotyping of individuals from the extreme tails of the
distribution, the normal distribution of the quantitative trait is lost,
and 2 analysis, testing the number of risk alleles in each tail defined
as a discrete trait, would be the standard analysis method.27 However, additional nonparametric tests including a score test,27
likelihood-based,28 and permutation methodologies29 are currently
being developed for testing association with quantitative traits at the
extremes of a distribution and are theoretically more powerful.30
For power analysis of the extremes of unexplained atherosclerosis
design, necessary parameters included the number of cases (n); the
ratio of individuals in 1 extreme to the other (m); the minor allele
frequency (f); the percentage of trait variance explained by the
genetic factor (); and the number of SDs from the mean for
threshold-defined extremes (␦). The following parameters were used:
␣⫽5⫻10⫺7; m⫽1; ⫽0.01 to 0.02; f⫽0.10 to 0.40; and ␦⫽⫾1.65
(denoting 5th and 95th percentiles). For power analysis of the
population-based sample, necessary parameters for power calculations included the sample size (n); SD of the independent variable
(x), a function of the minor allele frequency; the SD of the
dependent variable (y), which we calculated from observed plaque
area; the predicted effect size (); and the type 1 error rate (␣). The
following parameters were used: ␣⫽5⫻10⫺7; x⫽0.43 to 0.70 (0.65
given a minor allele frequency of 30%); y⫽1.98 (observed SD of
plaque area in the whole sample, Table 1); and ⫽0.297 (15% of 1
SD) or ⫽0.436 (22% of 1 SD). If the assayed variant is not causally
related to the trait in question but is merely in linkage disequilibrium
with the causal genetic variant, then the effect size of the causal
variant will be attenuated to a degree dictated by the linkage
disequilibrium between the causal and tested variants.12 Owing to the
density of modern arrays, in both study designs we have made the
assumption that we are testing a marker with high linkage disequilibrium with the causative variant.

gies.22 Two-dimensional plaque area was determined by using a
previously reported, validated approach on an Advanced Technologies Laboratory Mark 9 ultrasound machine before the year 2000 and
subsequently on an Advanced Technologies Laboratory (Phillips)
HDI 5000 instrument.18,22,23 Plaque area was calculated as the sum of
the cross-sectional areas of all plaques seen in the longitudinal views
of the common, external, and internal carotid arteries. For plaque
area observations, within-observer reliability was 0.94 (intraclass
correlation; ), and between-observer reliability was 0.86.23
All patients provided informed consent for DNA analysis and
participation in research. The authors had full access to and take full
responsibility for the integrity of the data. All authors have read and
agreed to the manuscript as written.

Statistical Analysis
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To obtain a normal distribution, plaque area was cube root transformed, as previously reported.18,22,23 To determine the extent of
variation explained by different genetic factors, we first performed a
multiple regression with a forward stepwise modeling approach to
obtain residual plaque area values that remove variation induced by
nongenetic factors. The variables included age, sex, smoking (packyears), systolic blood pressure, diastolic blood pressure, HDL cholesterol, diabetes diagnosis, blood pressure prescription therapy, and
lipid lowering prescription therapy. Blood pressure and lipid parameters included a mix of subjects on and off treatment, a factor
mitigated by including prescription therapy for each as an additional
variable. Analyses were performed in SAS version 9.1 (SAS Institute, Cary, NC). Each term in the regression model was required to
meet a statistical significance of 0.01. A “predicted atherosclerosis”
value was calculated by summing the product of each individual’s
independent variables and the unstandardized parameter coefficients
from the multiple linear regression. Subtracting an individual’s
predicted plaque area from his or her actual plaque area yielded a
residual plaque area value.
Power calculations were performed with “PS Power and Sample
Size calculator”24 and the “genetic power calculator.”25 Correction
for multiple-hypothesis testing is difficult in the context of highthroughput genotyping technologies. Although some alternative
methods have been proposed, such as false discovery rate or
permutation-based methods, Bonferroni correction remains the standard methodology for GWAS. Power calculations were performed
with a type I error rate (␣) of 5⫻10⫺7, a threshold argued to maintain
the false-positive rate at an acceptable level given an adequately
powered study.6 The standard statistical technique for assessing
genetic association between a biallelic marker and a quantitative trait

Table 1.

Results
Forward Stepwise Multiple-Regression Analysis of
Plaque Area
Baseline characteristics for study participants are shown in
Table 1. Forward stepwise multiple regression validated the
inclusion of the 9 independent variables (Pⱕ0.005; Table 2),

Baseline Patient Characteristics

Characteristic
n/N

Top 5%
“Unexplained Protection”

Whole Sample

Bottom 5%
“Unexplained Atherosclerosis”

Top vs Bottom P *

175

3146

175

79 (45)

1504 (48)

73 (41)

NS

Age, y

59.9⫾13.1

59.9⫾14.8

58.9⫾11.1

NS

Smoking, pack–years

8 (0 to 30)

4 (0 to 25)

15 (1.5 to 30)

NS
NS

Female sex

HDL cholesterol, mmol/L

1.30⫾0.40

1.32⫾0.44

1.27⫾0.41

Systolic BP, mm Hg

139 (129 to 159)

140 (128 to 155)

140 (125 to 155)

NS

Diastolic BP, mm Hg

80 (74 to 89)

81 (73 to 90)

81 (74 to 90)

NS

Diabetes

19 (11)

353 (11)

21 (12)

NS

BP Rx

84 (48)

1664 (53)

78 (45)

NS

Lipid Rx

73 (42)

1346 (43)

71 (41)

NS

Predicted plaque area1/3

5.78⫾1.49

5.65⫾1.58

5.68⫾1.11

NS

Observed plaque area1/3

1.05⫾1.47

4.05⫾1.98

7.16⫾1.15

3⫻10⫺142

Values are presented as n (%), mean⫾SD, or median (interquartile range). BP indicates blood pressure; Rx, prescription therapy;
NS, not significant.
*Two-sided significance of ANOVA for continuous traits or 2 for discrete traits.
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Multiple Regression of Ultrasonograhic 2D Plaque Area

Factor

Variable Type

Parameter Estimate

Standard Error

␤

Partial R 2

P

Age

Continuous

0.076

0.002

0.52

0.396

⬍0.001

Smoking, pack-years

Continuous

0.022

0.001

0.21

0.063

⬍0.001

⫺0.684

0.056

⫺0.16

0.027

⬍0.001

0.014

0.002

0.14

0.013

⬍0.001

Male sex
Systolic BP
Lipid Rx
Diastolic BP

Binary
Continuous
Binary
Continuous

0.410

0.054

0.09

0.011

⬍0.001

⫺0.011

0.003

⫺0.07

0.003

⬍0.001

BP Rx

Binary

0.231

0.053

0.05

0.003

⬍0.001

Diabetes

Binary

0.324

0.082

0.05

0.002

⬍0.001

⫺0.217

0.062

0.04

0.002

0.005

HDL cholesterol

Continuous

R ⫽0.522; P ⬍0.0001. ␤ indicates standardized parameter estimate or parameter as a percentage of the SD of the risk factor;
R 2, coefficient of determination; BP, blood pressure; Rx, prescription therapy; P, 2-tailed statistical significance that the parameter
is different from zero.
2
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and the overall model explained 52% of plaque area variation
(R2⫽0.522; F9⫽422; P⬍0.0001; Table 2). The relation
between the predicted and observed plaque area is shown in
Figure 1. The bottom 5% of regression residuals, or the
patients furthest below the regression line, were defined as
those with “unexplained atherosclerosis,” and the top 5% of
regression residuals, or the patients furthest above the regression line, were defined as those with “unexplained protection.” There was no significant difference in the characteristics of the individuals falling into these 2 groups, with the
exception of observed plaque area (Table 1).

Power Calculations
For a comparison of targeted genotyping of the extremes of
unexplained variation versus genotyping the entire population, power calculations of both approaches were performed.

In the context of a genetic factor with a minor allele
frequency of 30%, genotyping 250 individuals from the
extremes of unexplained plaque area (500 total) yields 93%
power if the genetic factor explains 2% of trait variation. If
individuals are selected from across the population to be
genotyped, 4 times the number of individuals is required to
obtain the same level of power (Table 3; n⫽2000 for
population versus 500 for extremes).
Power to detect association with unexplained plaque area
using either the extreme selection or the population-based
approach decreased with reductions in the expected effect
size and with reductions in the minor allele frequency of the
responsible variant (Figure 2). The relative performance of
the extreme selection approach improves with a reduction in
minor allele frequency to 20%, because it maintains 80%
power, whereas the power of 2000 population-based samples

Figure 1. Distribution of ultrasoundmeasured 2-dimensional plaque area
compared with plaque area predicted by
multiple regression of age, sex, systolic
and diastolic blood pressure, diabetes
status, smoking (pack-years), HDL cholesterol, and treatment of blood pressure
and cholesterol as independent variables. The residual score from the multiple regression, or the difference between
the observed plaque area and the
plaque area predicted by the independent variables, is computed as a quantitative trait. The black triangles represent
the 90% of individuals whose total
plaque area is best explained by traditional risk factors. Individuals represented by white squares are those with
“unexplained atherosclerosis,” forming
the bottom 5% of regression residual
scores. Individuals represented by gray
circles are those with “unexplained protection,” forming the top 5% of regression residual scores.
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Table 3. Comparison of Power to Detect Genome-Wide
Associations in a Population Sample and the Extremes of
Unexplained Atherosclerosis

Discussion

Parameter

Top and Bottom
5% of “Unexplained
Atherosclerosis”

Population
Sample

Trait type

Discrete

Continuous



Regression

N

500 (250 “unexplained”⫹
250 “protected”)

2000

␣

5⫻10⫺7

5⫻10⫺7

2

Analysis type

Minor allele frequency
Percent of variation
explained
Effect size
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Power

0.30

0.30

1

2

1

2

Odds ratio
of 1.9

Odds ratio
of 2.5

15% of 1
SD/allele

22% of 1
SD/allele

33%

93%

25%

92%

␣ indicates type I error rate.

falls to 55%. If the effect of the genetic variant is reduced to
the lower level of most currently identified genetic variants,
explaining only 1% of trait variation, genotyping 250 individuals from the extremes of unexplained plaque area (500
total) yields 34% power, whereas the population-based approach has 25% power with 2000 genotyped individuals. To
obtain 90% power in this context, the extreme selection
approach requires genotyping of 940 individuals (470 in each
extreme), whereas 4169 genotypes are required with the
population-based approach.

To obtain an equally powered study, the number needed to
genotype is 4 times greater when using a population-based
approach compared with targeted genotyping of individuals
at the extremes of quantitative trait variation. Using previous
knowledge of CVD risk factors, we are able to identify
individuals whose degree of atherosclerotic plaque area is
significantly greater or less than predicted, representing
“unexplained atherosclerosis” and “unexplained protection”
respectively, to efficiently identify novel genetic associations
with the atherosclerotic process.
By targeting genotyping to individuals with extremes of
unexplained atherosclerosis, the monetary cost of the study
can be markedly reduced without loss of power. The primary
objection would be that the reduction in genotyping cost
needs to be balanced with the increased cost of screening to
obtain individuals in the extremes of the distribution, especially in the context of falling genotyping costs. The number
of individuals screened is an important consideration because
simply sampling further into the distribution, for instance,
taking the top and bottom 10 percentiles, increases the sample
size but reduces the expected difference in allele frequency
between the 2 groups, thus reducing power. However, as
collection of traditional CVD risk factors and determination
of plaque area are standard care at our Vascular Prevention
Clinics, selection of individuals at the extremes of the
distribution incurs no additional subject ascertainment cost.
Clinicians continue to play an increasingly important role in
the study of complex disease genetics, and the proliferation of
electronic medical records in patient care should further assist
in similar ascertainment schemes to efficiently obtain maxi-

Figure 2. A, Sample power examining the extremes of unexplained plaque area, as a function of expected allelic odds ratio. Minor allele frequency is set at 30%. B, Sample power examining the extremes of unexplained plaque area as a function of minor allele frequency. Expected allelic odds ratio between extremes is set at 2.3, corresponding to a variant explaining 1.69% of trait variation. C,
Sample power examining unexplained plaque area across the population as a function of expected effect size. Minor allele frequency is
set at 30%. D, Sample power examining unexplained plaque area across the population as a function of minor allele frequency.
Expected effect is set at 20% of 1 SD, corresponding to a variant explaining 1.69% of trait variation.
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mally powered studies of a multitude of complex quantitative
phenotypes.
For the purpose of studying atherosclerosis per se, measurement of carotid plaque may afford an advantage over
studies of clinical end points, such as traditional case-control
studies contrasting those with premature myocardial infarction versus controls. Within the control group, there may be
individuals with extensive atherosclerosis who have not yet
experienced an event. Moreover, significant findings will
likely point to factors affecting mechanisms of atherogenesis
that are not captured by assessment of traditional epidemiological risk factors, such as plaque rupture and thrombosis.
By measuring plaque area and adjusting for traditional risk
factors, the approach described here offers great potential to
uncover therapeutic targets related to the burden of atherosclerosis per se.
Two contrasting hypotheses have been presented to explain
the distribution of quantitative traits in the population as a
whole—the common disease, common variant hypothesis31
and the common disease, rare variant hypothesis.32,33 In
common disease, common variant, a large number of variants
with appreciable frequencies in the population but with
relatively small effects and low penetrance cumulatively
affect the quantitative trait. Conversely, the common disease,
rare variant hypothesis suggests that many different rare
variants, each with variable effect size and penetrance, are
responsible for the distribution of the quantitative trait.
GWAS have identified hundreds of single-nucleotide polymorphisms (SNPs) associated with variation in quantitative
traits, and deep resequencing has successfully identified an
excess (or an accumulation) of individually rare missense
mutations in individuals within the extreme of multiple
quantitative traits. For example, genes that contain common
SNPs associated with normolipidemic variation in plasma
triglycerides34 –36 also contain common SNPs37 and rare
mutations38 associated with hypertriglyceridemia.39 Similarly, SNPs associated with common variation in body mass
index are also overrepresented in individuals with extreme
obesity.40 Investigations continue on the basis of both the
common disease, common variant and common disease, rare
variant hypotheses, and it is becoming increasingly apparent
that both common and rare alleles will play a role in
explaining the distribution of a quantitative trait.8,33
A recent deep resequencing study of blood pressure questioned the validity of extreme sampling to detect associations
by comparing the significance obtained when testing the
number of rare variants in the top and bottom 10% of the
population (bottom 10%, n⫽323) with the significance obtained when testing the number of rare variants in the top and
bottom halves of the population (bottom 50%, n⫽1672).41
However, additional blood pressure screening to increase the
number of participants for sequencing in the extreme tails of
blood pressure should provide a greater increment in power
than moving into the middle of the distribution to add
additional samples. Indeed, if the allele frequencies in the top
and bottom 10% of the population remained with additional
sequencing in the extremes, similar levels of significance as
observed in the whole population would be expected with less
than half the number of individuals sequenced. Another study
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Table 4. Advantages and Disadvantages of Population-Based
and Targeted Genotyping Designs
Sampling
Strategy
Population
based
Targeting
extremes

Advantages

Disadvantages

Uses all data points

Cost and time of genotyping

Can study a range of
phenotypes

Majority of data points do not
contribute signal

Less genotyping required

Upfront phenotype screening
requirement

Increased study efficiency

Limited to selected
phenotype

that examined blood pressure used the increase in power
afforded through an extreme sampling approach to study
gene-gene and gene-sex interactions.42
Investigators should be aware of several potential limitations of the extreme sampling approach (Table 4). Owing to
the density of modern genotyping arrays and advances in
imputation methodologies, it is assumed that either the allele
causative for the quantitative trait is assayed or imputed
directly or the causative allele is in tight linkage disequilibrium with 1 of the assayed or imputed alleles. Power will
substantially decrease as the degree of linkage disequilibrium
between the assayed and causative variant decreases,12 but
this is a limitation of both study designs. A spectrum of minor
allele frequencies should be queried because maximal power
is attained when the frequency of the assayed allele is close to
the frequency of the causative allele.12 A noted limitation of
sampling from the extremes of a quantitative trait distribution
is that the sample is only valid for the trait for which the
sample was selected. However, the selected sample can be
interrogated for variants of different frequencies and sizes,
including both rare or common variants and single-nucleotide
changes or copy number variation. Using the extremes of
unexplained variation as the quantitative trait would be
suitable only if a solid knowledge regarding nongenetic risk
factors is present. Perhaps the largest limitation of the
extreme selection approach is the assumption of a homogeneous effect for the tested genetic variant throughout the
distribution of the trait. This assumption could be rendered
false by gene-gene or gene-environment interactions, causing
the effect of the tested genetic variant to change on the basis
of additional factors.
In conclusion, we present a methodology, adaptable to
GWAS of other complex phenotypes, for identifying novel
loci involved in CVD by targeting genotyping toward individuals with extreme atherosclerosis unexplained by traditional risk factors. Thus, a study can be designed and
executed with maximal efficiency for identifying genetic
variants working through novel pathways.
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