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Genotyping chips for rare and low-frequent variants have recently gained popularity with the
introduction of exome chips, but the utility of these chips remains unclear. These chips were
designed using exome sequencing data from mainly American-European individuals,
enriched for a narrow set of common diseases. In addition, it is well-known that the statistical
power of detecting associations with rare and low-frequent variants is much lower compared
to studies exclusively involving common variants. We developed a simulation program
adaptable to any exome chip design to empirically evaluate the power of the exome chips.
We implemented the main properties of the Illumina HumanExome BeadChip array. The
simulated data sets were used to assess the power of exome chip based studies for varying
effect sizes and causal variant scenarios. We applied two widely-used statistical approaches
for rare and low-frequency variants, which collapse the variants into genetic regions or
genes. Under optimal conditions, we found that a sample size between 20,000 to 30,000
individuals were needed in order to detect modest effect sizes (0.5% < PAR > 1%) with 80%
power. For small effect sizes (PAR <0.5%), 60,000–100,000 individuals were needed in the
presence of non-causal variants. In conclusion, we found that at least tens of thousands of
individuals are necessary to detect modest effects under optimal conditions. In addition,
when using rare variant chips on cohorts or diseases they were not originally designed for,
the identification of associated variants or genes will be even more challenging.
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Introduction
Since the introduction of Genome Wide Association Studies (GWAS), a large number of common single nucleotide variants (SNVs) have successfully been associated to many complex diseases [1]. However, both the proportion of the phenotypic variability explained by these
variants and the effect sizes are rather small for most studied traits. This issue has been widely
discussed and is referred to as “missing heritability” [2–5]. This term suggests that genetic
causes that are difficult to detect with a classic SNV array design are involved in the phenotype
of interest. Such causes may be gene-gene and gene-environment interactions, chromosomal
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aberrations, epigenetic differences, or less frequent causal variants with minor allelic frequencies of 0.5% to 5% (low-frequency variants) or less than 0.5% (rare variants). Several of such
rare and low frequent SNVs have been shown to associate with complex diseases with odds
ratios (ORs) around 3 (e.g. [6–8]). Some structural variants associated to psychiatric disorders
have been reported with even higher ORs (e.g. [9–12]). For example, a structural variant has
been shown to give as much as a 20 fold increased risk for autism spectrum disorder [10].
The importance of considering allelic variants in coding regions, as well as budgetary and
practical restrictions for whole exome sequencing in large studies, motivated the construction
of the “exome chips” [13, 14]. A number of studies that used exome chips have already been
published [15–29], with several of the studies reporting negative findings. However, phenotype-associations of some variants and genes have been discovered using this chip. Igartua et.
al. [20] found one low-frequent variant associated to asthma when using a single variant test in
a multi-ethnic cohort of 11,225 individuals. By using a collapsing approach (Sequence Kernel
Association Test [30]), two additional genes were identified. Within a cohort of 8,229 Finnish
individuals, Huyghe et.al. [16] identified new associations of low-frequent loci to fasting glucose levels. In a follow up case-control study by Wessel et.al., including more than 158,000
individuals, and by using statistical approaches designed for low-frequency or rare variants,
one novel genetic association was discovered, driven by four rare non-synonymous SNVs
within this gene [21]. With a multi-ethnic cohort of 56,000 individuals typed on the exome
chip, four low-frequent variants were identified to be associated with coronary heart disease,
using a single variant test. Furthermore, Tachmazidou et.al. identified a significant cardio-protective variant which was common in an isolated population, however this variant is assumed
to be rare in outbred European populations [28].
The design of the exome chip was based on pooled exome sequencing data of 16 contributing studies [31], which comprised 12,031 individuals. These studies were highly enriched
for European Americans, which accounted for approximately three-quarters of the
sequenced individuals [20]. This has caused a concern concerning the generalizability of
using low-frequency and rare variants in studies across populations. These variants are more
likely to be evolutionary young [32], and thus, population specific. Approximately 65% of
the contributing individuals were enriched for lifestyle disorders (Cardiovascular diseases,
Type 2 Diabetes, Overweight, Lipid extremes, Body Mass Index extremes). Additionally,
20% of the samples were collected from psychiatric disorder cohorts (autism spectrum,
schizophrenia and depression). The remaining 15% were samples from the thousand
genomes project, a Sardinian cohort (SardiNIA sequencing project), and two cancer studies
(S1 Table). In the design of this chip many common disease groups were absent, including
autoimmune and neurodegenerative diseases. The exome chip consortia focused on capturing low-frequency and rare, non-synonymous variants, which were observed more than
three times in at least two different cohorts. Most of the variants assayed on the exome chips
were rare (84%), 9.2% were low-frequent, and 5.8% were common. Both the companies Illumina and Affymetrix produced a genotyping chip for low-frequent and rare, exonic variants
based on the proposed list of SNVs from the Exome Chip Consortia, leading to the Illumina
HumanExome BeadChip Array and the Axiom Exome Genotyping Array, respectively.
Since the power to detect an association between a single SNV and a phenotypic trait
decreases with decreasing minor allelic frequency, there has been a need for new statistical tools
for analysing low-frequent and rare variants. These variants often occur at different locations
throughout the considered genes. Therefore, methods for this type of variants have been developed, which aim to collapse variants along a meaningful biological unit (i.e. gene, promoter,
enhancer, etc.) into one test statistic. This includes methods which contrast the mean number of
observed variants between cases and controls, such as Weighted Sum Statistic (WSS) [33] and
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Replication Based Test (RBT) [34], or adaptive burden tests, like the Kernel Based Adaptive
Clustering Method [35]. Another general class of methods comprises variance contrasting
methods, which compare the variation of alleles between cases and controls, such as the C(α)–
method [36] and Sequence Kernel Association Test (SKAT) [30]. While several different methods have been compared extensively (e.g.[37–42]), no single gold standard has been established.
On the contrary, it is also recommended to use different kinds of methods [37, 41].
With respect to the increasing use of exome genotyping chips, we aimed to investigate the
sample size requirements for association studies using these chips. The power for different statistical approaches for analysing low-frequent and rare variants has been investigated and compared to each other by others [30, 33, 37, 40, 41]. The corresponding simulations were
performed for varying properties of a single unit (i.e. gene), thereby focusing on the comparison of statistical methods with respect to the detection of rare and low-frequency variants.
These simulations did not take the whole variety of possible allelic frequencies into account,
neither the dependencies between the variants corresponding to a real chip design. Thus, these
power simulations are only representative for certain allelic frequencies, ignoring the underlying realistic allele frequency distribution and dependency patterns.
We developed a simulation pipeline, which relies on simulations based on all variants of the
underlying chip design, thereby capturing the entire allele frequency spectrum and underlying
dependencies between the variants. In this paper, we mimicked the structure of the Illumina
HumanExome BeadChip array, but the available pipeline can also be applied to any other
(future) chip designs.

Material and Methods
Simulation of genotypes
As a starting point for the simulations in this paper, we simulated a data pool of genotypes for
200,000 unrelated individuals using the approach described in Basu et.al.[41], with some modifications. To mimic the chip as accurately as possible, we used the publicly available allele frequencies reported by the Exome Chip Consortia. From their documentation [31], we
reproduced the allele frequency of 212,353 non-synonymous SNVs, thus including 96% of the
coding variants on the chip. In order to mimic the dependency structure between the variants,
we applied a correlation function based on the position of the variants on the exome chip [43].

Simulation of phenotypes
To construct case-control phenotypes, we used the same approach as Madsen et.al. [33, 37] fixating the population attributable risk (PAR) for all variants, and calculating a genotype relative
risk (GRR) based on the given PAR and the minor allele frequency (MAF) (see S1 Algorithm
Eq 1). We assumed that all causal rare variants were deleterious, and that no variants had any
protective effect. The probability of an individual being diseased based on their genotype, was
calculated as the product of their GRRs, multiplied by a fixed incidence (see S1 Algorithm Eq
2). This was done for each individual separately. The relation between GRR and PAR is such
that for a given MAF, and PAR, a linear increase in PAR corresponds to a linear increase in
GRR. If the PAR was fixed, then an increase in the MAF corresponded to an inverse proportional decrease in GRR.
We considered two different scenarios for the structure of the simulated causal genes. In the
first scenario, 100% of the SNVs in each analysed gene were causally linked to the phenotype.
In the second scenario, the same genes were analysed, but only 50% of the SNVs within each
gene where causally linked to the phenotype, thus decreasing the signal to noise ratio.
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Statistical Methods
To assess the sample size required to obtain sufficient power, we applied two widely used statistical methods for rare variants: SKAT [30] and WSS [33]. In SKAT which is a generalization of
the variance contrast test (C(α) method [36]), we used an adaptive weighting for each variant
(the Beta(MAF, 0.5, 0.5) kernel). The WSS test is an adaptive sum test, for each unit, it calculates a weighted sum for all individuals, and then permutes the ranking of those sums, if the
cases are consistently ranked on top, this will correspond to a low p-value. The weight for each
variant is determined by the MAF and the case-control ratio. The two statistical methods used
here were chosen as representatives for two common classes of methods for rare variant analysis; variance contrasting tests and sum tests. In both methods, all the genes are tested independent of each other. The weights applied to all variants have similar structure for both SKAT
and WSS. In both methods, the weighing is such that common alleles will receive a low weight,
while empirically rare variants will have a high weight.
Power Simulations. We investigated the power performance by drawing sample sizes of
10,000 (10k), 20k, 30k, 60k, and 100k individuals from the genotype pool described above. The
simulated case-control ratio was 1:1. To assess the power under the different scenarios, we randomly selected a set of 100 genes. The distribution of allelic frequencies of this subset was similar to the corresponding allelic frequency distribution of all SNVs on the chip (S1A Fig). The
mean number of SNVs per drawn gene was 18. 50 simulated datasets including 100 genes were
generated for each combination of effect size, scenario and number of individuals. For each
simulated dataset, the genes were tested on the Bonferroni adjusted genome-wide threshold
based on the number of reproduced genes on the chip (19,975), thus neglecting findings in the
genes without any simulated effect. The power was defined as the percentage of true discovered
genes within one replicate. The overall power was presented as the mean power over all replications along with the empirical 95%—confidence interval.
Null simulations. We provide two types of simulations without adding an effect on the
simulated genotypes (0% PAR on all causal variants). First, we aim to characterize the implemented statistical methods with respect to their ability to detect false positive findings. To
achieve that, we used the 50 simulated datasets for 60k samples including 100 genes described
above and assigned case-control status randomly. For each simulated dataset, we evaluate the
percentage of false positives and present the mean percentage across all simulated datasets. In
this simulation, we choose a 5% threshold for the p-values of each gene. A genome-wide
threshold could have been simulated here as well, but would require a much larger number of
null genes and thus dramatically increase the computational burden. Second, we wanted to
show the genome-wide performance of the tests with no underlying effect present for the
underlying chip structure considered in this paper. Thus, we simulated 10 datasets including
all genes (19,975) for two different numbers of individuals (10k, 60k), assigning the case-control status arbitrarily.
The simulations and power assessment where done using the computer program R 3.2.1
[44], with the additional packages: Matrix [45], MultiPhen [46] and snpStats [47].
The simulation program can be received from the authors by request.

Results
Both of the statistical methods keep the Type-I error level, with SKAT being slightly more conservative than WSS. The corresponding estimated mean percentages of false positives were
0.0465 (SKAT) and 0.0503 (WSS) when applying the 5% Type-I error threshold (see Material
and Methods). In order to understand the performance of the exome chip when no effects are
present, the distribution of the p-values across all 19,975 genes was visualized in a QQ-plot
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(Fig 1A and 1B). It can be seen that SKAT is more conservative, with no false positive observations, while WSS had an average of 4.7 false positive for a 10k sample, and an average of 5.4
false positive in a 60k sample, in a genome wide scan.
To assess the power of the underlying chip under the non-null distribution, we simulated
an increasing effect size (PAR) for different sample sizes based on two statistical approaches

Fig 1. QQ-plot for power analysis and null simulation, the diagonal line represent the expected value and the horizontal line the Bonferroni cut-off.
(A) QQ-plot for one realization of the null simulation for 10k, SKAT is plotted in red/orange and WSS in dark green/light green. (B) QQ-plot for one realization
of the null simulation for 60k, SKAT is plotted in red/orange, and WSS in dark green/light green. (C) QQ-plot of—log p-values for SKAT and WSS, given 100%
causal SNVs within the causal genes, and a sample size of 10k. False negative is in lighter colors (SKAT; light green, WSS; orange) and true negative is
colored in gray. (D) QQ-plot of—log p-values for SKAT and WSS, given 100% causal SNVs within the causal genes, and a sample size of 60k. False
negative is in lighter colors (WSS; orange) and true negative is colored in gray.
doi:10.1371/journal.pone.0139642.g001
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(SKAT and WSS). We first investigated a scenario where all variants within a gene were
causal. In this scenario, both SKAT and WSS reached a power of 80% with a PAR less than
1.4% (SKAT) and 2.4% (WSS) per SNV, and SKAT converged to maximum power for 1.5%
for sample sizes above 10k (Fig 2A and 2B). SKAT and WSS had approximately the same
speed of convergence when all variants were assigned the same weight in SKAT (data not
shown). For sample sizes larger than 20k individuals, the rate of convergence of power
evolved more than twice as fast in SKAT as compared to WSS. The increase in power for
sample sizes above 60k individuals was marginal in SKAT. However, in WSS, the rate of convergence between the different sample sizes was more pronounced, with notable differences
in convergence for sample sizes of 60k and 100k individuals. For small effect sizes
(PAR < 0.5%) and a sample size of 10k, WSS converged marginally faster than SKAT. To
evaluate the global performance of the chip for a given PAR in this scenario, we applied both
WSS and SKAT to all genes, with a sample size of 10k and 60k. The result for PAR = 0.3% on
all causal variants is presented in Fig 1C and 1D. Fig 1 shows that SKAT is more conservative
in its p-value estimation than WSS, both for the null simulation and with an effect size of
0.3% PAR for a sample size of 10k.
When only 50% of the SNVs within each unit were causal, a much slower convergence
was observed for both methods (Fig 2C and 2D). For 10k individuals, a PAR of 6.5% was
needed to obtain 80% power with SKAT, whereas WSS reached 70% power within 8.0% PAR
on each causal variant. To reach 80% power with WSS within 6% PAR, a sample size of at
least 30k was needed. For SKAT, a sample size of at least 30k did converge to 100% power
for PAR up to 7%. This is a substantial loss of power, compared to the assumption that all
SNVs within each gene were causal. In that case, half of the effect sizes were sufficient to
reach the same power. When considering sample sizes larger than 10k individuals, 80%
power is reached within a PAR of 1.4% for SKAT. WSS reached 80% power within 5.6% PAR
for sample size of 30k. For sample sizes above 10k, SKAT converged to maximum power at
2% PAR. In WSS, the convergence was substantially slower, with none of the sample sizes
converging to 100% within their tested range of PAR.
In order to assess how many individuals would be needed for a given power, we plotted
power as a function of sample size (Fig 3). Under the assumption of 100% causal variants per
unit, the best performance was reached with a sample size of 60k individuals or more, where
both SKAT and WSS were above the 80% threshold in for the two biggest effect sizes presented (PAR = 0.5% and 1%). For WSS, a larger sample size was consistently needed to obtain
the same power as SKAT in the same scenarios (Fig 3A and 3B). When 100% of the SNVs
were causal, the power of WSS was comparable to the power of SKAT when only 50% of the
variants were causal (Fig 3B and 3C). For effect sizes of 0.2% PAR in the 50% scenario, a sample size of 60k was sufficient to reach 80% with SKAT, but for WSS, 100k was needed (Fig 3C
and 3D).
In order to investigate the relationship and distribution of the effect sizes GRR and PAR of
the causal variants, we plotted a histogram of the GRR for different PAR (S1B Fig). For a fixed
PAR of 0.5% on all causal variants, the GRR range in our simulated data was between 1 and 70,
with a median of approximately 12. Since the GRR scales linearly for small PAR, a doubling of
PAR to 1%, resulted in a doubling of the GRR. The corresponding GRR then had a maximum
of 140 and a median of 24, as seen in S1B Fig.

Discussion
In this work we addressed the utility of genotyping chips for rare variants under optimal conditions, illustrated by simulating the content of the Illumina HumanExome BeadChip array
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Fig 2. Power plots for increasing PAR for SKAT and WSS for multiple testing adjusted analyses, for different sample sizes. The dashed line
represent the median power, with the covered area is the inter quantile range of 25% to 75% power. (A) 100% causal SNVs within all genes, estimated with
SKAT. (B) 100% causal SNVs within each gene, estimated with WSS. (C) 50% causal SNVs within each gene, estimated with SKAT. (D) 50% causal SNVs
within each gene, estimated with WSS.
doi:10.1371/journal.pone.0139642.g002

under different scenarios. Given a homogenous population (as was used for the design of the
chip), we found that to detect a true association with 80% power, for a PAR around 1.5% on
each causal variant in the presence of noise, a sample size of at least 20k individuals were
needed under optimal conditions. Thus, the chip performance was acceptable for large
(PAR > 1%) effects even in relatively small cohorts (10-20k). For small effect sizes
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Fig 3. Power for increasing sample sizes and different PAR values after multiple testing adjusted analyses. (A) 100% causal SNVs within all genes,
estimated with SKAT. (B) 100% causal SNVs within each gene, estimated with WSS. (C) 50% causal SNVs within each gene, estimated with SKAT. (D) 50%
causal SNVs within each gene, estimated with WSS.
doi:10.1371/journal.pone.0139642.g003

(PAR < 0.5%) in the presence of noise, a balanced case-control study with a total sample size
of 30k to 50k individuals would be required.
Our assumption of sample homogeneity of conferred risk for the SNVs in this analysis is
not likely to be met in most association studies. This is mainly due to population specific rare
variants. We also assumed that all rare coding causal variants were deleterious. Although some
variants may be protective, the majority of rare coding alterations are believed to be either
harmful or have low phenotypic effect [14], thus making our assumption a reasonable choice.
We have focused our simulations on two different scenarios, one where 100% of the assayed
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alleles within the gene were deleterious, and the other where 50% of the alleles were deleterious.
A scenario where all detected variants within a gene are causal to disease is very unlikely, but
represents an upper bound on the power estimate for collapsing methods. In earlier studies
which identified associated genes, the fraction of causal rare and low-frequent SNVs within the
gene was estimated to be as low as 5% [29]. For the gene discovered to be associated with
psychophysiological endophenotypes by Vrieze et.al. the association seemed to be driven by
two alleles, which represent 10% of the variants in this specific gene on the exome chip [27].
One of these variants was low-frequent (MAF = 1.25%) and the other one rare (MAF = 0.3%)
[27]. 40% of the rare coding exome chip variants within a gene associated to higher fasting glucose levels showed a strong individual association to this phenotype [21].
An important issue is the enrichment of SNVs associated with certain diseases in the design
of the exome chip. Many common complex disease groups were not represented in the cohorts
used to design the chip, leaving the possibility that rare variants which may be strong risk factors for these diseases were not included on the chip. The rest of the SNVs included may be
neutral or have very small phenotypic effects. This will most likely result in sub-optimal performance in studies of diseases that were not considered when designing the exome chips.
Although the difference in mean power between SKAT and WSS analyses was not substantial,
SKAT consistently outperformed WSS, which is in line with previous studies [37]. Furthermore,
SKAT also outperformed WSS on elapsed computational time, where the R implementation of
SKAT could benefit from parallelization on a cluster computer infrastructure.
The simulation pipeline developed here could be adapted to different chip designs. This program is only dependent on allele frequencies and positions, since the linkage disequilibrium
(LD) between variants was modelled with a distance function. Furthermore, the algorithm is
flexible in its implementation, so it can be applied to assess the performance of any other chip
design, under different scenarios. In some simulation studies for assessment of rare variant
methods, a genome wide p-value cut-off was not used [37, 41] and the allele frequency range
was much wider. Simulations were performed on a single unit (i.e. genes) which included several variants, leaving out valuable information about realistic underlying allele frequencies and
dependency patterns. In our study, we mimicked the properties of the exome chip, increasing
both usability and reliability of our results.
There is no standard algorithm for simulating effects on genetic variants, this has led to a situation where the reported results can vary depending on the implemented methods and
assumptions. Two popular approaches for emulating effect sizes are Odds Ratio (OR) modelling
and Risk Ratio (RR) modelling. Although these approaches are quite different, when the number of observed genotypes is small, both the OR and the RR will be approximately the same.
When the GRR was empirically estimated from the simulated data set, they were consistently lower than expected from the equation used to generate them (S1 Algorithm Eq 1). This
indicates that the GRR presented in S1B Fig was overestimated, since it is theoretically calculated, and not empirically assessed.
The collapsing methods tests each gene (unit) and the power presented in Figs 2 and 3 on
the y-axis are gene-wise. However, the effect applied on the genotypes (x-axis in Fig 2), was per
SNV and not per gene. When considering genes, it is important to note that the disruption of
any coding element may be contributing to disease risk, and different variants within a gene
can all disrupt the gene product, with observed mild effect sizes for each variant. For this reason, many different variants within the same gene may be underlying the same trait or disease.
By using the collapsing statistic on a gene instead of testing individual variants, the sample
sizes requirement may therefore be smaller. By selecting genes at random in the data simulation process, we study the variety of genes on the chip, without using the entire data set, thereby
decreasing the computational load. Since the underlying allelic frequencies were properly
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presented, this gives a good indication of the overall performance of the chip, however, the
actual performance for each particular gene may vary from gene to gene.
While recent studies using exome chips have identified associations between low-frequent
or rare variants and disease, the identified variants have not yet contributed substantially to
explaining “The missing heritability”. Few of the studies have reported variants with minor
allele frequency below 0.5% to be associated with disease [21, 24, 26–28]. Our study indicates
that some negative reports may suffer from insufficient sample sizes and the special design of
the exome chips as explained above.
In our study we have only considered “perfectly called” variants, i.e. we have not introduced
any errors in the genotype calling algorithms. This may be an important issue for rare and lowfrequency genotyping chips, where calling the variants has proved to be challenging [48].
In conclusion, we found that a very large sample size, in the order of tens of thousands is
needed to detect modest effects under optimal conditions. For effect sizes less than 0.2% PAR,
around 100,000 individuals should be studied to have enough power to reach genome wide significant results.

Supporting Information
S1 Table. Reproducing the table from the exome chip consortia [31], showing the different
contributions to the design of the exome Chips.
(DOCX)
S1 Fig. (A) Histogram of the distribution of the allele frequencies on the exome chip, plotted
on log 10 scale. The histogram is split into three bins, depending on their allele frequency. The
lines indicated the allele frequencies of the causal alleles in each scenario. The blue line represents the allele distribution of the SNVs selected in the scenario where 100 of the SNVs within
each causal gene were causal. The orange line represents the allele distribution of the causal
SNVs, where 50% of the SNVs within the casual genes are causal. (B) Histogram of Genotype
Relative Risk (GRR) for all causal variants in the 100% scenario, for two different Population
Attributable Risks (PAR). This is the GRR used to construct the phenotypes for those two
PARs.
(TIF)
S1 Algorithm. Algorithm for variant simulation and phenotype construction.
(DOCX)
S1 Source Code. R code for reproducing the variant simulation and phenotype construction.
(TAR.GZ)

Acknowledgments
We acknowledge the HPC centre at University of Oslo, for support and usage of their computer infrastructure. The authors would also like to acknowledge; Pouya Khankhanian, Lothith
Madireddy both at UCSF, and Marissa LeBlanc at UiO for stimulating discussions and
suggestions.

Author Contributions
Conceived and designed the experiments: CMP BKA HFH SDB SEB. Performed the experiments: CMP BHM BKA. Analyzed the data: CMP BKA. Contributed reagents/materials/analysis tools: BHM CMP. Wrote the paper: CMP SEB SDB HFH BKA.

PLOS ONE | DOI:10.1371/journal.pone.0139642 October 5, 2015

10 / 13

Assessing the Power of Exome Chips

References
1.

Hindorff LA, Junkins HA, Mehta J, Manolio T. A catalog of published genome-wide association studies.
National Human Genome Research Institute. 2010.

2.

Maher B. Personal genomes: The case of the missing heritability. Nature. 2008; 456(7218):18–21.
Epub 2008/11/07. doi: 10.1038/456018a PMID: 18987709.

3.

Manolio TA, Collins FS, Cox NJ, Goldstein DB, Hindorff LA, Hunter DJ, et al. Finding the missing heritability of complex diseases. Nature. 2009; 461(7265):747–53.

4.

McClellan J, King M-C. Genetic heterogeneity in human disease. Cell. 2010; 141(2):210–7. doi: 10.
1016/j.cell.2010.03.032 PMID: 20403315

5.

Visscher PM, Brown MA, McCarthy MI, Yang J. Five years of GWAS discovery. The American Journal
of Human Genetics. 2012; 90(1):7–24. doi: 10.1016/j.ajhg.2011.11.029 PMID: 22243964

6.

Gudmundsson J, Sulem P, Gudbjartsson DF, Masson G, Agnarsson BA, Benediktsdottir KR, et al. A
study based on whole-genome sequencing yields a rare variant at 8q24 associated with prostate cancer. Nat Genet. 2012; 44(12):1326–9. doi: 10.1038/ng.2437 PMID: 23104005; PubMed Central
PMCID: PMC3562711.

7.

Rivas MA, Beaudoin M, Gardet A, Stevens C, Sharma Y, Zhang CK, et al. Deep resequencing of
GWAS loci identifies independent rare variants associated with inflammatory bowel disease. Nat
Genet. 2011; 43(11):1066–73. doi: 10.1038/ng.952 PMID: 21983784; PubMed Central PMCID:
PMC3378381.

8.

Jonsson T, Atwal JK, Steinberg S, Snaedal J, Jonsson PV, Bjornsson S, et al. A mutation in APP protects against Alzheimer's disease and age-related cognitive decline. Nature. 2012; 488(7409):96–9.
doi: 10.1038/nature11283 PMID: 22801501.

9.

Walsh T, McClellan JM, McCarthy SE, Addington AM, Pierce SB, Cooper GM, et al. Rare structural variants disrupt multiple genes in neurodevelopmental pathways in schizophrenia. science. 2008; 320
(5875):539–43. doi: 10.1126/science.1155174 PMID: 18369103

10.

Neale BM, Kou Y, Liu L, Ma'ayan A, Samocha KE, Sabo A, et al. Patterns and rates of exonic de novo
mutations in autism spectrum disorders. Nature. 2012; 485(7397):242–5. doi: 10.1038/nature11011
PMID: 22495311; PubMed Central PMCID: PMC3613847.

11.

Sebat J, Lakshmi B, Malhotra D, Troge J, Lese-Martin C, Walsh T, et al. Strong association of de novo
copy number mutations with autism. Science. 2007; 316(5823):445–9. doi: 10.1126/science.1138659
PMID: 17363630; PubMed Central PMCID: PMC2993504.

12.

Malhotra D, McCarthy S, Michaelson JJ, Vacic V, Burdick KE, Yoon S, et al. High frequencies of de
novo CNVs in bipolar disorder and schizophrenia. Neuron. 2011; 72(6):951–63. doi: 10.1016/j.neuron.
2011.11.007 PMID: 22196331; PubMed Central PMCID: PMC3921625.

13.

Lee S, Abecasis GR, Boehnke M, Lin X. Rare-variant association analysis: study designs and statistical
tests. The American Journal of Human Genetics. 2014; 95(1):5–23. doi: 10.1016/j.ajhg.2014.06.009
PMID: 24995866

14.

Lettre G. Rare and low-frequency variants in human common diseases and other complex traits. Journal of medical genetics. 2014:jmedgenet-2014-102437.

15.

Chung SJ, Kim M-J, Kim J, Kim YJ, You S, Koh J, et al. Exome array study did not identify novel variants in Alzheimer's disease. Neurobiology of aging. 2014; 35(8):1958. e13–e14. doi: 10.1016/j.
neurobiolaging.2014.03.007 PMID: 24685331

16.

Huyghe JR, Jackson AU, Fogarty MP, Buchkovich ML, Stančáková A, Stringham HM, et al. Exome
array analysis identifies new loci and low-frequency variants influencing insulin processing and secretion. Nature genetics. 2013; 45(2):197–201. doi: 10.1038/ng.2507 PMID: 23263489

17.

Holmen OL, Zhang H, Zhou W, Schmidt E, Hovelson DH, Langhammer A, et al. No large-effect low-frequency coding variation found for myocardial infarction. Human molecular genetics. 2014; 23
(17):4721–8. doi: 10.1093/hmg/ddu175 PMID: 24728188

18.

Chen JA, Wang Q, Davis-Turak J, Li Y, Karydas AM, Hsu SC, et al. A Multiancestral Genome-Wide
Exome Array Study of Alzheimer Disease, Frontotemporal Dementia, and Progressive Supranuclear
Palsy. JAMA neurology. 2015.

19.

Vrieze SI, Feng S, Miller MB, Hicks BM, Pankratz N, Abecasis GR, et al. Rare nonsynonymous exonic
variants in addiction and behavioral disinhibition. Biological psychiatry. 2014; 75(10):783–9. doi: 10.
1016/j.biopsych.2013.08.027 PMID: 24094508

20.

Igartua C, Myers RA, Mathias RA, Pino-Yanes M, Eng C, Graves PE, et al. Ethnic-specific associations
of rare and low-frequency DNA sequence variants with asthma. Nature communications. 2015; 6.

PLOS ONE | DOI:10.1371/journal.pone.0139642 October 5, 2015

11 / 13

Assessing the Power of Exome Chips

21.

Wessel J, Chu AY, Willems SM, Wang S, Yaghootkar H, Brody JA, et al. Low-frequency and rare
exome chip variants associate with fasting glucose and type 2 diabetes susceptibility. Nat Commun.
2015; 6:5897. doi: 10.1038/ncomms6897 PMID: 25631608; PubMed Central PMCID: PMC4311266.

22.

Peloso GM, Auer PL, Bis JC, Voorman A, Morrison AC, Stitziel NO, et al. Association of low-frequency
and rare coding-sequence variants with blood lipids and coronary heart disease in 56,000 whites and
blacks. American journal of human genetics. 2014; 94(2):223–32. doi: 10.1016/j.ajhg.2014.01.009
PMID: 24507774; PubMed Central PMCID: PMC3928662.

23.

Mauer AC, Hwang S-J, Yao J, Smith AV, Thanassoulis G, Budoff M, et al. RARE VARIANT ASSOCIATION STUDY FINDS NO LARGE-EFFECT, LOW-FREQUENCY VARIANTS FOR AORTIC AND
MITRAL VALVE CALCIFICATION. Journal of the American College of Cardiology. 2015; 65(10_S).

24.

Lunetta KL, Day FR, Sulem P, Ruth KS, Tung JY, Hinds DA, et al. Rare coding variants and X-linked
loci associated with age at menarche. Nat Commun. 2015; 6:7756. doi: 10.1038/ncomms8756 PMID:
26239645.

25.

Zuo X, Sun L, Yin X, Gao J, Sheng Y, Xu J, et al. Whole-exome SNP array identifies 15 new susceptibility loci for psoriasis. Nat Commun. 2015; 6:6793. doi: 10.1038/ncomms7793 PMID: 25854761; PubMed
Central PMCID: PMC4403312.

26.

Lim ET, Liu YP, Chan Y, Tiinamaija T, Karajamaki A, Madsen E, et al. A novel test for recessive contributions to complex diseases implicates Bardet-Biedl syndrome gene BBS10 in idiopathic type 2 diabetes and obesity. American journal of human genetics. 2014; 95(5):509–20. doi: 10.1016/j.ajhg.2014.09.
015 PMID: 25439097; PubMed Central PMCID: PMC4225638.

27.

Vrieze SI, Malone SM, Pankratz N, Vaidyanathan U, Miller MB, Kang HM, et al. Genetic associations of
nonsynonymous exonic variants with psychophysiological endophenotypes. Psychophysiology. 2014;
51(12):1300–8. doi: 10.1111/psyp.12349 PMID: 25387709; PubMed Central PMCID: PMC4231532.

28.

Tachmazidou I, Dedoussis G, Southam L, Farmaki AE, Ritchie GR, Xifara DK, et al. A rare functional
cardioprotective APOC3 variant has risen in frequency in distinct population isolates. Nat Commun.
2013; 4:2872. doi: 10.1038/ncomms3872 PMID: 24343240; PubMed Central PMCID: PMC3905724.

29.

Hallengren E, Almgren P, Engstrom G, Persson M, Melander O. Analysis of Low Frequency Protein
Truncating Stop-Codon Variants and Fasting Concentration of Growth Hormone. PLoS One. 2015; 10
(6):e0128348. doi: 10.1371/journal.pone.0128348 PMID: 26086970; PubMed Central PMCID:
PMC4472854.

30.

Wu MC, Lee S, Cai T, Li Y, Boehnke M, Lin X. Rare-variant association testing for sequencing data with
the sequence kernel association test. The American Journal of Human Genetics. 2011; 89(1):82–93.
doi: 10.1016/j.ajhg.2011.05.029 PMID: 21737059

31.

Exome Chip Consortia. Exome Chip Design http://genome.sph.umich.edu2013. Available from: http://
genome.sph.umich.edu/wiki/Exome_Chip_Design.

32.

Fu W, O’Connor TD, Jun G, Kang HM, Abecasis G, Leal SM, et al. Analysis of 6,515 exomes reveals
the recent origin of most human protein-coding variants. Nature. 2013; 493(7431):216–20. doi: 10.
1038/nature11690 PMID: 23201682

33.

Madsen BE, Browning SR. A groupwise association test for rare mutations using a weighted sum statistic. PLoS genetics. 2009; 5(2):e1000384. doi: 10.1371/journal.pgen.1000384 PMID: 19214210

34.

Ionita-Laza I, Buxbaum JD, Laird NM, Lange C. A new testing strategy to identify rare variants with
either risk or protective effect on disease. PLoS Genet. 2011; 7(2):e1001289. doi: 10.1371/journal.
pgen.1001289 PMID: 21304886; PubMed Central PMCID: PMC3033379.

35.

Liu DJ, Leal SM. A novel adaptive method for the analysis of next-generation sequencing data to detect
complex trait associations with rare variants due to gene main effects and interactions. PLoS Genet.
2010; 6(10):e1001156. doi: 10.1371/journal.pgen.1001156 PMID: 20976247; PubMed Central PMCID:
PMC2954824.

36.

Neale BM, Rivas MA, Voight BF, Altshuler D, Devlin B, Orho-Melander M, et al. Testing for an unusual
distribution of rare variants. PLoS genetics. 2011; 7(3):e1001322. doi: 10.1371/journal.pgen.1001322
PMID: 21408211

37.

Lin W-Y. Association Testing of Clustered Rare Causal Variants in Case-Control Studies. PloS one.
2014; 9(4):e94337. doi: 10.1371/journal.pone.0094337 PMID: 24736372

38.

Price AL, Kryukov GV, de Bakker PI, Purcell SM, Staples J, Wei LJ, et al. Pooled association tests for
rare variants in exon-resequencing studies. American journal of human genetics. 2010; 86(6):832–8.
doi: 10.1016/j.ajhg.2010.04.005 PMID: 20471002; PubMed Central PMCID: PMC3032073.

39.

Moutsianas L, Morris AP. Methodology for the analysis of rare genetic variation in genome-wide association and re-sequencing studies of complex human traits. Briefings in functional genomics. 2014; 13
(5):362–70. doi: 10.1093/bfgp/elu012 PMID: 24916163; PubMed Central PMCID: PMC4168660.

PLOS ONE | DOI:10.1371/journal.pone.0139642 October 5, 2015

12 / 13

Assessing the Power of Exome Chips

40.

Larson NB, Schaid DJ. Regularized rare variant enrichment analysis for case-control exome sequencing data. Genet Epidemiol. 2014; 38(2):104–13. doi: 10.1002/gepi.21783 PMID: 24382715; PubMed
Central PMCID: PMC3985431.

41.

Basu S, Pan W. Comparison of statistical tests for disease association with rare variants. Genetic epidemiology. 2011; 35(7):606–19. doi: 10.1002/gepi.20609 PMID: 21769936

42.

Sham PC, Purcell SM. Statistical power and significance testing in large-scale genetic studies. Nature
reviews Genetics. 2014; 15(5):335–46. doi: 10.1038/nrg3706 PMID: 24739678.

43.

Matérn B. Spatial variation. 1960.

44.

R Core Team. R: A lanuguage and environment for statistical computing. Vienna, Austria: R Foundation for Statistical Computing; 2015.

45.

Bates D, Maechler M. Matrix: Sparse and Dense Matrix Classes and Methods. R package version 114. 2014:http://CRAN.R-project.org/package=Matrix.

46.

Coin L, O'Reilly P, Pompyen Y, Hoggart C, Calboli F. MultipPhen: MultipPhen, a packaage for the
genetic association testing of multiple phenotypes. R package version 200. 2014:http://CRAN.Rproject.org/package=MultiPhen.

47.

Clayton D. snpStats: SnpMatrix and XSnpMatrix classes and methods. R package version 1140. 2013:
http://CRAN.R-project.org/package = snpStats.

48.

Grove ML, Yu B, Cochran BJ, Haritunians T, Bis JC, Taylor KD, et al. Best practices and joint calling of
the HumanExome BeadChip: the CHARGE Consortium. PLoS One. 2013; 8(7):e68095. doi: 10.1371/
journal.pone.0068095 PMID: 23874508

PLOS ONE | DOI:10.1371/journal.pone.0139642 October 5, 2015

13 / 13

