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With the increasing focus of genetic association on the identification of trait-associated rare
variants through sequencing, it is important to identify the most cost-effective sequencing
strategies for these studies. Deep sequencing will accurately detect and genotype the most
rare variants per individual, but may limit sample size. Low pass sequencing will miss some
variants in each individual but has been shown to provide a cost-effective alternative for
studies of common variants. Here, we investigate the impact of sequencing depth on studies
of rare variants, focusing on singletons—the variants that are sampled in a single individual
and are hardest to detect at low sequencing depths. We first estimate the sensitivity to
detect singleton variants in both simulated data and in down-sampled deep genome and
exome sequence data. We then explore the power of association studies comparing burden
of singleton variants in cases and controls under a variety of conditions. We show that the
power to detect singletons increases with coverage, typically plateauing for coverage >
~25x. Next, we show that, when total sequencing capacity is fixed, the power of association
studies focused on singletons is typically maximized for coverage of 15-20x, independent of
relative risk, disease prevalence, singleton burden, and case-control ratio. Our results suggest sequencing depth of 15-20x as an appropriate compromise of singleton detection
power and sample size for studies of rare variants in complex disease.

Author summary
Genetic studies of rare variants can help us understand the biology of human disease. With
modern techniques and sufficient effort, it is possible to very accurately resolve any human
genome, identifying most of its unique features. When funding is limited, applying these
techniques to study human disease often involves a trade-off between examining more samples, at reduced accuracy per sample, or fewer samples, each at greater accuracy. We evaluate
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these trade-offs for studies of very rare variants, using both simulation and real data. We
propose cost effective strategies for increasing our understanding of human disease.

Introduction
New sequencing technologies are shifting the focus of genetic association studies to rare variants. Rare variants may explain much of the heritability of common, complex diseases [1, 2].
Importantly, trait-associated rare variants are more likely to severely disrupt gene function [1,
3], and can thus accelerate progress from genetic association signals to mechanistic understanding of disease.
It is frequently asserted that the study of rare variants requires deep sequencing, which provides the highest power for variant discovery in any single genome [2, 4]. The alternative of
low-pass sequencing has been advocated for studies of common variation [5, 6], supported by
empirical studies [7]. Low pass sequencing allows for larger sample sizes but misses some variants in each individual and reduces genotyping accuracy [4, 5]. The 1000 Genomes Project
used low pass sequencing of ~2,500 individuals to produce a near complete catalog of common
genetic variation and haplotypes across 26 populations, also identifying many rare variants
and singletons in the process [6].
We speculated that low pass or intermediate depth sequencing could be useful even for
studies of very rare variants. It is now clear that these studies often require large sample sizes,
totaling thousands of individuals. Examples of successful rare variant association studies
include several studies implicating rare variants in the complement genes (CFH, C3, CFI, C9)
in the risk of age-related macular degeneration [8–11], a study showing rare IFIH1 variants
protect against type 1 diabetes [12], and a study that found that rare variants that inactivate
NPC1L1 reduce the risk of coronary heart disease [13].
Here, we attempt a more nuanced view of the optimal strategies for sequence based rare
variant association studies and explore and compare the power of rare variant association
studies that use low, intermediate, or deep sequencing strategies. Since common variants can
be detected and genotyped efficiently by analyzing sequence data for many individuals jointly,
we focused our analysis on singletons. Any sequencing depth that works well for singletons
should provide an upper bound of needed sequencing depth for more common variants, for
which low pass data can be analyzed more effectively [5, 14]. In this paper, we examine discrete
traits and seek to maximize association study power for a fixed sequencing effort. We consider
the balance between power to identify very rare variants (which increases with sequencing
depth) and power to identify disease association (which increases with sample size). We
explore both simulated data and actual sequence data. We estimate the power of association
tests for study designs employing deep sequencing, low pass sequencing, and intermediate
strategies across a range of sample sizes, singleton frequencies, disease relative risks, and disease prevalence. Our results show that, for fixed cost, power to detect association is maximized
at a read depth of 15-20x and decreases rapidly as coverage is increased beyond this threshold.

Results
Sensitivity to detect singletons
Our simulations show that, for a fixed sample size, sensitivity to detect singletons increases
rapidly as coverage increases until ~25x (see Fig 1a). After this point, increasing coverage has
little effect on sensitivity. As sample size increases for a fixed depth, sensitivity decreases only
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Fig 1. Sensitivity to detect singletons by read depth, sample size, and sequencing error rate.
Sensitivity vs. (a) read depth for N = 1000 and e = 0.01, (b) sample size for d = 10x and e = 0.01, and (c)
sequencing error rate for N = 1000 and d = 10x at different false positive rates.
https://doi.org/10.1371/journal.pgen.1006811.g001

slightly (see Fig 1b), implying that coverage at a site has more impact than sample size in the
overall ability to detect singletons. For constant depth and sample size, an increase in sequencing error rate reduces sensitivity (see Fig 1c). At higher false positive rates, sensitivity is greater
(see Fig 1), although the number of incorrectly called singletons increases as well. Among the
settings we considered, by 25x, sensitivity reaches 98.6% for a sequencing error rate of 0.005,
96.2% for an error rate of 0.01, and 89.9% for a sequencing error rate of 0.02, regardless of sample size or false positive rate. Increasing depth to 30x resulted in sensitivity of 99.6% for a
sequencing error rate of 0.005, 98.8% for an error rate of 0.01, and 95.9% for an error rate of
0.02. Further increasing depth to 50x, resulted in 100% sensitivity, regardless of error rate.
As shown in Fig 1, variant detection sensitivity changes rapidly with read depth but only
very slowly with sample size (sensitivity decreases slightly with increased sample size because,
when depth and total false positive rate are fixed, the caller must become gradually more stringent as more samples are sequenced so as to maintain a fixed false-positive rate). We next
explored variant discovery power in experiments with constant cost, where sample size and
read depth vary in opposite directions. We first considered a simplified case with no additional
cost for library and sample preparation, so that read depth and sample size are inversely proportional. In this case, as coverage increased, sensitivity increased until 20-25x, after which
increasing read depth had little effect on sensitivity (see Fig 2). When we varied the total
sequencing capacity, there was little difference between the sensitivity to detect singletons at a
fixed read depth, emphasizing that read depth is more influential than sample size. For
instance, at 10x coverage, sequencing 5,000 samples provides 64% sensitivity, sequencing
10,000 samples provides 60.8% sensitivity, and sequencing 20,000 samples provides 57.9%
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Fig 2. Sensitivity to detect singletons by read depth for constant cost. Comparing computational
simulations (for a sequencing capacity of 50,000x) for sensitivity to detect singletons for different false positive
rates shows that power increases until 25-30x, exact threshold increasing with increased error rate or
decreased false positive rate. (Sample size = cost/depth, assuming no cost of library/sample preparation,
c = 0).
https://doi.org/10.1371/journal.pgen.1006811.g002

sensitivity; whereas, at 20x coverage, sequencing 5,000 samples provides 97.4% sensitivity,
sequencing 10,000 samples provides 96.8% sensitivity, and sequencing 20,000 samples provides 96.1% sensitivity.
Analyses of down-sampled data validated our computational simulations (see Fig 3). For a
fixed sample size of 100 individuals, empirical estimates of sensitivity closely resemble simulations that assume a sequencing error rate of 0.01 and a false positive rate of 0.001, though the
simulations were slightly pessimistic at lower depths—detecting a lower proportion of variants
than in the down-sampled data—and slightly optimistic at higher depths—detecting a larger
fraction of variants than in the down-sampled data (see Fig 3). Potential explanations for these
differences include that (a) sequence coverage is less evenly distributed in real data and (b) real
data includes a mixture of high and low quality bases, rather than a fixed per base error rate. In
experiments that follow, we use e = 0.01 and γ = 0.001 to estimate variant detection sensitivity
and assess association study power for a broad range of cost models and sequencing capacities.

Power to detect association
We first considered a situation of fixed cost (sample size and read depth vary inversely) with
no extra cost of library/sample preparation (c = 0) for equal numbers of affected and unaffected individuals. As depth increases, association study power quickly reaches a maximum
and then rapidly decreases (see Fig 4). For example, sequencing 20,000 samples at 5x provides
only 1.19% power, sequencing 6,666 samples at 15x provides 91.08% power, and sequencing
2,000 samples at 50x provides 17.71% power for a relative risk of 15, population frequency of
singletons 0.01 per person per gene, and a prevalence of 20%. Maximum power increases with
relative risk, population frequency of singletons, or prevalence (see Fig 4a–4c). For unequal
numbers of cases and controls, power decreases as the case-control ratio moves further away
from 1:1 (see Fig 4d).
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Fig 3. Comparison of empirical sensitivity to detect singletons with computational estimates. For a
sample size of 100, sequencing error rate of 0.01 with a false positive rate of 0.001, empirical and
computational estimates are similar.
https://doi.org/10.1371/journal.pgen.1006811.g003

When the non-centrality parameter (NCP) is large, a change in the NCP might not be
reflected in power if the power is already 1. Therefore, we examined the read depth/sample
size pair where the maximum NCP, rather than power, was attained. The depth at which the
NCP is maximized occurs between 15-20x depending on study cost and the relative cost of
library/sample preparation. As available sequencing capacity and total study cost increase,
the maximum NCP increases (see Fig 5). As relative cost of library/sample preparation (c)
increases, NCP decreases slightly (see Fig 6). When either total study cost or c increases, the
point at which NCP is maximized shifts to a higher depth. For c = 0, NCP is maximized at
15-16x; for c = 5, NCP is maximized at 16-18x; and for c = 20, NCP is maximized at 18-19x.
For sequencing capacity = 50,000x, NCP is maximized at 15-18x; for sequencing capacity =
100,000x, NCP is maximized at 16-18x; and, for sequencing capacity = 200,000x, NCP is maximized at 16-19x. This point is not affected much by relative risk, prevalence, population frequency of singletons, or gene length. The overall pattern is easy to understand intuitively: with
increasing per sample preparation costs, it is advantageous to sequence fewer samples at higher
depth; with increasing total sequencing capacity, the overall sample size increases and a slight
increase in sequencing depth is needed to accommodate the greater stringency needed to
maintain low false positive rates in variant calling.
For a fixed sample size, increasing coverage is never harmful. At lower depth, increasing coverage increases association study power; at high depths, power eventually plateaus (see Fig 7).
For instance, for relative risk of 15, population frequency of singletons 0.008, and prevalence
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Fig 4. Association study power by read depth for constant cost. Power of an association study increases with relative risk (a),
population frequency of singletons (b), prevalence (c), and ratio of cases to controls (d) for a fixed sequencing capacity of 100,000x
with no extra cost for library/sample preparation (c = 0).
https://doi.org/10.1371/journal.pgen.1006811.g004

0.2, sequencing 10,000 samples provides 30.45% power at 10x, 97.99% power at 25x, 98.27%
power at 35x, and 98.27% power at 50x. For increased sample size, relative risk, population frequency of singletons, or prevalence, the magnitude of power increases. Regardless of the parameter values, NCP is maximized by 35x, with 99% of maximal NCP occurring by 25x.

Extending to non-singleton variants
Expanding our analysis of rare variants to those more common than singletons, we considered
variants with minor allele frequencies (MAF) at thresholds of 0.01, 0.025, and 0.05. Sensitivity
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Fig 5. Association study power and NCP by read depth for constant different sequencing capacities.
Library/sample preparation costs low (c = 0), relative risk 15, population frequency of singletons 0.01,
prevalence 20%, case-control ratio 1:1.
https://doi.org/10.1371/journal.pgen.1006811.g005

to detect variants is lower for singletons than for variants appearing at higher frequencies in
the sample (see Fig 8a) when depth is low. As depth increases, sensitivity to detect variants
approaches 1 for variants of all frequencies. In terms of detecting association, when considering non-singleton variants, power is maximized at a much lower depth (see Fig 8b) and
decreases as read depth increases (and sample size decreases). As sensitivity to detect variants
is greater at lower depths, more variants are detected at depths less than 10x, making it preferable to prioritize sample size over depth of coverage. Therefore, if singleton variants are not of
interest, sequencing at lower depths (5-10x) may be more optimal.

Extending to indels
While our analysis focuses on SNPs, other types of variants such as insertions and deletions
are also of interest. We conducted simulations comparing sensitivity for detecting singleton
indels versus singleton SNPs. While our results show that indel variants are more difficult to
detect than SNPs (see Fig 9), the sensitivity curve for detecting indels resembles that of SNP
detection in that sensitivity reaches a plateau at ~20x. Therefore, association study power likely
follows a similar pattern for indels as for SNPs, though power is likely to be reduced for indels
due to this reduced sensitivity.

Discussion
We set out to identify ideal sequencing strategies, in terms of read depth and sample size,
focusing on studies exploring the association of singleton variants and discrete traits. We
found that association study power is never large unless frequency of singletons or relative risk
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Fig 6. Association study power and NCP by read depth for different sample preparation costs.
Sequencing capacity 100,000x, relative risk 15, population frequency of singletons 0.008, prevalence 20%,
case-control ratio 1:1.
https://doi.org/10.1371/journal.pgen.1006811.g006

is large. When cost is fixed so sample size varies inversely of read depth, power decreased as
coverage increased beyond 15-20x. Even for fixed sample size, increasing coverage beyond 25x
had only a small impact on power. Therefore, we believe it will often be better to sequence
larger samples at lower coverage rather than smaller samples at increased coverage when
searching for disease associated singletons. We recommend that coverage should only be
increased beyond 20x if sample numbers are limited or if applications other than genetic association studies (such as genetic counseling and diagnosis) can justify the advantages of more
complete sequencing of each individual at the cost of reduced sample sizes.
While varying prevalence, singleton frequency, and relative risk varies association study
power, the combination of read depth and sample size that maximizes power (for a fixed cost)
remained constant. For example, consider two scenarios. The first has a relative risk of 10, a
prevalence of 20%, and a population frequency of singletons of 0.8%. The other has a relative
risk of 12.5, a prevalence of 20%, and a population frequency of singletons of 1%. Both scenarios have a sequencing capacity of 200,000x with intermediate library and sample preparation
costs (c = 5) and a gene length of 1000 bp. The first scenario attains a maximum power of
19.87% (NCP = 3.86); the second reaches a maximum power of 92.07% (NCP = 6.12). However, in both cases, NCP is maximized at a depth of 18x (with 8,695 samples). In the settings
we examined, very deep sequencing is not justified for detecting rare variant association, irrespective of the underlying disease model. While power may be low, increasing coverage
beyond a threshold at 15-20x will not increase power if it requires a decrease in sample size.
For more common variants, our results show that there is higher sensitivity for detecting variants at lower depths, and association study power will be maximized at even lower coverage.
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Fig 7. Association study power by read depth for fixed sample size. Increasing coverage beyond a
threshold does not increase power of an association study for constant sample size.
https://doi.org/10.1371/journal.pgen.1006811.g007

Of the parameters we considered, only the cost of library and sample preparation changed
the depth required to maximize association study power, though this optimal depth remained
between 15-20x. For larger library and sample preparation costs, the optimal depth increases
slightly. For no extra cost of library/sample preparation (c = 0), the ideal depth is 15-16x; for a
moderate cost of library/sample preparation (c = 5), the ideal depth is 16-18x; and when the
cost of library/sample preparation is high (c = 20), the ideal depth is 18-19x. For very large
studies, the ideal depth shifts to slightly larger depths. For example, when the total sequencing
capacity is 50,000x, the ideal depth is 15-18x per genome; when this increases to 100,000x, the
ideal depth is 16-18x per genome; and, for sequencing capacity of 200,000x, the ideal depth is
16-19x per genome. This increase in per genome depth allows variant calling to become more
stringent as sample size increases (there are more opportunities for false positive calls as more
genomes are sequenced).
In summary, we have shown that, while deep sequencing is appealing for detecting a complete catalog of variants, sequencing each sample at lower depth so as to enable increases in
sample size results in higher power for association studies, even when these studies focus on
rare singletons. When we expand our focus to include other rare variants beyond singletons,
higher power for association studies is attained at even lower depth. Additionally, our primary
focus was SNPs, but other types of variants such as insertions and deletions are of interest.
These non-SNP variants are more difficult to detect than SNPs and may result in lower association study power. An avenue of future work is to conduct a similar analysis for quantitative
traits.
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Fig 8. Sensitivity to detect variants and association study power by read depth at different MAF for a
fixed sequencing capacity of 100,000x. (a) Sequencing error rate of 0.01 with a false positive rate of 0.001;
(b) library/sample preparation costs high (c = 20), relative risk 15, population frequency of singletons 0.01,
prevalence 20%, case-control ratio 1:1.
https://doi.org/10.1371/journal.pgen.1006811.g008

Fig 9. Comparison of empirical sensitivity to detect singleton SNPs and singleton indels. For a sample
size of 100 whole genome samples.
https://doi.org/10.1371/journal.pgen.1006811.g009
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Methods
Overview
To determine the ideal study design for studying disease-related singletons, we first used simulations to explore the ability to detect singleton variants present in sequenced samples. Next,
we validated simulations by comparing results to down-sampled sequence data. Finally, we
extended these analyses of variant discovery power to examine association study power.

Definitions
We consider sequencing studies that assess N individuals, sequencing each to an average depth
d. We assume that the cost of the study is proportional to the summed costs of preparing samples for sequencing, Nc, and to the total sequencing depth, Nd. (Here, c is a constant that places
sequencing depth and per sample cost in the same scale).
Thus, we estimate the total cost of a sequencing study as:
Cost

¼ N  ðcost per sampleÞ
¼ N  d  ðcost per depthÞ þ N  ðcost of library and sample preparationÞ
¼ N  ðcost per depthÞ  ðc þ dÞ
/ N  ðc þ dÞ

where N(c+d) is the total sequencing capacity. In this simple model, to keep total cost constant,
sample size and depth must vary inversely of each other (i.e., if sample size increases, coverage
decreases). In our simulations, we first considered c = 0. We then expanded our analyses to
also consider c = 5 and c = 20 for total budgets of sequencing capacity = 50,000x, 100,000x, and
200,000x. With current genome sequencing costs of $1,000–$3,000 per 30x genome, c = 5 and
c = 20 correspond to costs of ~$250 to $600 and of ~$700–$2,000 for sample collection and
preparation, respectively.

Sensitivity to detect singleton variants
We first used simulations to estimate the sensitivity of singleton discovery. We ran these simulations using different read depths (d, ranging from 2x to 50x), sample sizes (N, ranging from
100 to 5,000), sequencing error rates (e, ranging from 0.001 to 0.02) and singleton discovery
false positive rates (γ, 0.00001, 0.0001, 0.001, 0.01, and 0.05). For each combination of parameters, we generated 200,000 replicate samples, each with a single individual carrying the simulated singleton variant (when estimating sensitivity) or no individuals carrying the variant
(when estimating false positive rates).
We assumed read depth followed a Poisson distribution. For each individual, we track the
total number of sequencing reads as well as the number of reads in which a variant base was
observed. When simulating data, per individual sequence depth was generated from Poisson
(d), and each read was generated assuming sequencing error probability e. Briefly, our simulation proceeded as follows. We first sampled a total read depth for each individual and set the
number of variant reads to zero. Then, for each read, we select a template chromosome at random. Then, we increased the number of variant reads whenever the simulated read was
assigned to a chromosome that has the singleton variant and there is no a sequencing error
(probability 1—e) or when the simulated read was assigned a chromosome without the variant
but there is a sequencing error (probability e). We then estimate the likelihood of the observed
count of variant reads, conditional on depth, sequencing error rates and an allele frequency;
first, assuming that all individuals match the reference so that the number of variant reads in
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each individual is distributed as Binomial(Prob = e, Count = depth); next assuming that a rare
variant is segregating with frequency 1/2N, so that the number of variant reads is distributed as
(1–1/2N) x Binomial(Prob = e, Count = depth) + 1/2N x Binomial(Prob = 0.5, Count = depth).
Finally, we take the ratio of these two likelihoods. The sensitivity for detecting a variant with
false positive rate γ was computed as the fraction of simulations with a simulated singleton for
which the likelihood ratio was greater than the (1- γ)th percentile of null simulations using the
same sample size, depth, and sequencing error rate parameters.
We validated these estimates by down-sampling on chromosome 20 from deep genome
and exome samples and assessing the sensitivity to detect singletons called when all available
sequence data was analyzed. Exome samples are from the NHLBI Exome Sequencing Project
[1, 15] (original depth of exome sequenced regions in chromosome 20 averaging 106.80x,
range 27.10–515.25x). We excluded samples with an average depth <50x to allow for downsampling to depths 2-50x. Whole genome samples are from the Genetics and Epidemiology of
Colorectal Cancer Consortium [16] (original depth averaging 35.79x, range 30.35–42.59x). For
whole genome samples, we considered down-sampled depths 2-30x. In each down-sampling
analysis, we sampled reads from each individual to create a new sample with the desired average depth. For instance, for an individual with an original depth of 100x, we would retain each
of the original reads with a probability of 10% to achieve depth 10x.
After down-sampling, we performed variant calling using SAMtools mpileup [17]. Sensitivity for each subsample was computed as the proportion of singletons in the original deep
sequence data that were called in the down-sampled data. The false positive rate was estimated
as the proportion of sites where variants were called in the down-sampled data but not in the
original deep sequence data. We averaged the results of 100 replications for 100 individuals at
each depth. Each exome replicate examined 788,942 bases on chromosome 20 and included an
average of 1.70 singletons per person (SD = 0.15); each whole genome replicate examined
63,025,520 bases on chromosome 20 and included an average of 725.09 singletons per person
(SD = 7.52).
We chose parameter settings for computational simulations so that results closely mimicked those for analysis of down-sampled real data. We then used these values in the analysis
of association study power across a broad range of sample sizes, sequencing depths, and cost
models.

Power to detect association
We estimated association study power analytically by comparing the burden of singletons in a
region between cases and controls, at significance level α = 2.5x10-6, corresponding to the analysis of ~20,000 independent gene regions. Power for a two-sample t-test can be estimated
using a non-central t-distribution to model test statistics as a function of sample size, the frequency of singleton variants per gene per person, the increased risk of disease conveyed by a
singleton variant, and the sensitivity to detect each singleton (which is a function of sequencing depth).
Modeling this non-central t-distribution requires estimates of a non-centrality parameter λ,
which describes the expected value of the statistic for a given disease model and experimental
design. The requisite non-centrality parameter λ for a two-sample t-test can be expressed as:
m
m
l ¼ pffiffiffiffiffiffiffiffiffiAffiffiffiffiffiffiffiffiffiffiUffiffiffiffiffiffiffiffiffiffiffiffiffi
2
sA =NA þ s2U =NU
where μA is the mean number of singletons per gene per person in affected individuals, and
σA2 is the corresponding variance. Similarly, μU and σU2 are the mean and variance for
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unaffected individuals. NA and NU are the number of affected and unaffected individuals,
respectively.
We assume that the number of singletons occurring per gene per person follows a Poisson
distribution with rate parameter equal to the product of gene length (L) and frequency of singleton occurrence per site per person for cases (pA) or controls (pU). For a subset of simulations, we compared results of a two-sample t-test and a Wilcoxon rank-sum test. Since both
gave similar results, we proceeded with the two-sample t-test.
The non-centrality parameter can be expanded as:
Lp
Lp
l ¼ pffiffiffiffiffiffiffiffiffiffiffiffiffiffiAffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiUffiffiffiffiffiffiffiffiffiffiffiffi
L  pA =NA þ L  pU =NU
Here, pA and pU are the cumulative frequencies of singletons among cases and controls (for
deeply sequenced samples). For low and intermediate sequencing depths, we replace these
with pA and pU , which are the frequency of detected singletons in cases and controls at a
given sequencing depth. These quantities can be defined as:
pA

¼ Pðdetect singletonjd; N; caseÞ
¼ Pðdetect singletonjsingleton; d; NÞ  PðsingletonjcaseÞ
þPðdetect singletonjno singleton; d; NÞ  Pðno singletonjcaseÞ

pU

¼ Pðdetect singletonjd; N; controlÞ
¼ Pðdetect singletonjsingleton; d; NÞ  PðsingletonjcontrolÞ
þPðdetect singletonjno singleton; d; NÞ  Pðno singletonjcontrolÞ

where P(detect singleton | singleton, d, N) is the sensitivity to detect singleton variants for a
given read depth and sample size, and P(detect singleton | no singleton, d, N) is the corresponding false positive rate. The frequency of singleton occurrence in cases and controls can be
expressed as:
PðsingletonjcaseÞ ¼

prf =L
pr=L
¼
prf =L þ ð1 p=LÞf pr=L þ ð1 p=LÞ

PðsingleonjcontrolÞ ¼

p=Lðrp=L þ 1 p=L rf Þ
ð1 f Þðrp=L þ 1 p=LÞ

where r is relative risk of disease (ranging from 2 to 20 in our simulations), p is population frequency of singletons (ranging from 0.001% to 1% per gene per person in our simulations), L is
gene length (ranging from 1,000 to 50,000 bps in our simulations), and f is the background
prevalence of disease (ranging from 0.1% to 20% in our simulations). We considered different
case-control ratios (1:1, 2:1, 3:1, and 1:2 in our simulations).
We considered prevalences from 0.1% to 20% to explore scenarios for studying different
diseases. Such diseases include very complex diseases such as cardiovascular disease, which has
a prevalence of 33% in American adults [18], intermediate frequency diseases such as agerelated macular degeneration, which has an estimated prevalence of 1.47% in Americans 40
years and older [19], but also less common diseases such as type 1 diabetes, which has an
approximate prevalence of 0.33% in Americans 18 years and younger [20].
From our exome samples, we estimated that singletons occur at a rate of 0.79% per gene per
person for the entire genome (assuming approximately 20,000 genes). This rate fluctuates
when looking at specific genes. Longer genes are more likely to include singletons than shorter
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genes. For instance, AVP (a gene that provides instructions for making the hormone vasopressin) is 2,169 bp long [21] and has an estimated frequency of singletons of 0.058% per person in
the coding region, while TTN (encoding a giant muscle protein that plays a key role in muscle
assembly and one of the longest genes in the human genome) is 281,435 bp long [22] and has a
singleton frequency of 42% per person in the coding region. Genes of different functions
might have different frequencies of singletons. We varied population frequency of singletons
from 0.001% to 1% per gene per person to account for this wide set of possibilities.
Once the non-centrality parameter is computed, the power of an association test can be
estimated by:
Power ¼ PðjXj > ta=2 ðn; 0ÞjX  tðn; lÞÞ
where
ta=2 ðn; 0Þ

¼ 100ð1

tðn; lÞ

¼ Non

a=2Þ percentile of the central t with n degrees of freedom
central t with n degrees of freedom and non

centrality parameter l

Acknowledgments
GECCO: The authors would like to thank all those at the GECCO Coordinating Center for
helping bring together the data and people that made this project possible. DACHS: We
thank all participants and cooperating clinicians, and Ute Handte-Daub, Utz Benscheid,
Muhabbet Celik and Ursula Eilber for excellent technical assistance. GECCO/DACHS data
was used to evaluate variant discovery power in 100 down-sampled deep genomes. Members
of the GECCO Consortium: Hermann Brenner (German Cancer Research Center (DKFZ)
Heidelberg, Germany), Katja Butterbach (German Cancer Research Center (DKFZ) Heidelberg, Germany), Jenny Chang-Claude (German Cancer Research Center (DKFZ) Heidelberg,
Germany), Keith Curtis (Fred Hutchinson Cancer Research Center, Seattle, WA), Tabitha
Harrison (Fred Hutchinson Cancer Research Center, Seattle, WA), Michael Hoffmeister
(German Cancer Research Center (DKFZ) Heidelberg, Germany), Li Hsu (Fred Hutchinson
Cancer Research Center, Seattle, WA), Jeroen Huyghe (Fred Hutchinson Cancer Research
Center, Seattle, WA), Ulrike Peters (Fred Hutchinson Cancer Research Center, Seattle, WA),
and Anja Rudolph (German Cancer Research Center (DKFZ) Heidelberg, Germany).

Author Contributions
Conceptualization: SR GRA.
Data curation: GJ SC.
Formal analysis: SR.
Funding acquisition: GRA.
Investigation: SR.
Methodology: SR.
Software: SR GJ GRA.
Supervision: GRA.
Visualization: SR.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1006811 June 22, 2017

14 / 16

Sequencing strategies for identifying singletons

Writing – original draft: SR.
Writing – review & editing: SR GRA.

References
1.

Tennessen JA, Bigham AW, O’Connor TD, Fu W, Kenny EE, Gravel S, et al. Evolution and functional
impact of rare coding variation from deep sequencing of human exomes. Science. 2012; 337(6090):64–
9. https://doi.org/10.1126/science.1219240 PMID: 22604720

2.

Cirulli ET, Goldstein DB. Uncovering the roles of rare variants in common disease through wholegenome sequencing. Nat Rev Genet. 2010; 11(6):415–25. https://doi.org/10.1038/nrg2779 PMID:
20479773

3.

Cargill M, Altshuler D, Ireland J, Sklar P, Ardlie K, Patil N, et al. Characterization of single-nucleotide
polymorphisms in coding regions of human genes. Nat Genet. 1999; 22(3):231–8. https://doi.org/10.
1038/10290 PMID: 10391209

4.

Lee S, Abecasis GR, Boehnke M, Lin X. Rare-variant association analysis: study designs and statistical
tests. Am J Hum Genet. 2014; 95(1):5–23. https://doi.org/10.1016/j.ajhg.2014.06.009 PMID: 24995866

5.

Li Y, Sidore C, Kang HM, Boehnke M, Abecasis GR. Low-coverage sequencing: implications for design
of complex trait association studies. Genome Res. 2011; 21(6):940–51. https://doi.org/10.1101/gr.
117259.110 PMID: 21460063

6.

The 1000 Genomes Project Consortium, Auton A, Brooks LD, Durbin RM, Garrison EP, Kang HM, et al.
A global reference for human genetic variation. Nature. 2015; 526(7571):68–74. https://doi.org/10.
1038/nature15393 PMID: 26432245

7.

Morrison AC, Voorman A., Johnson A.D., Liu X, Yu J., Li A., Muzny D., Yu F., Rice K., Zhu C., et al.;
Cohorts for Heart and Aging Research in Genetic Epidemiology (CHARGE) Consortium. Wholegenome sequence-based analysis of high-density lipoprotein cholesterol. Nat Genet. 2013; 45(8):899–
901. https://doi.org/10.1038/ng.2671 PMID: 23770607

8.

Helgason H, Sulem P, Duvvari MR, Luo H, Thorleifsson G, Stefansson H, et al. A rare nonsynonymous
sequence variant in C3 is associated with high risk of age-related macular degeneration. Nat Genet.
2013; 45(11):1371–4. https://doi.org/10.1038/ng.2740 PMID: 24036950

9.

Raychaudhuri S, Iartchouk O, Chin K, Tan PL, Tai AK, Ripke S, et al. A rare penetrant mutation in CFH
confers high risk of age-related macular degeneration. Nat Genet. 2011; 43(12):1232–6. https://doi.org/
10.1038/ng.976 PMID: 22019782

10.

Seddon JM, Yu Y, Miller EC, Reynolds R, Tan PL, Gowrisankar S, et al. Rare variants in CFI, C3 and
C9 are associated with high risk of advanced age-related macular degeneration. Nat Genet. 2013; 45
(11):1366–70. https://doi.org/10.1038/ng.2741 PMID: 24036952

11.

Zhan X, Larson DE, Wang C, Koboldt DC, Sergeev YV, Fulton RS, et al. Identification of a rare coding
variant in complement 3 associated with age-related macular degeneration. Nat Genet. 2013; 45
(11):1375–9. https://doi.org/10.1038/ng.2758 PMID: 24036949

12.

Nejentsev S, Walker N, Riches D, Egholm M, Todd JA. Rare variants of IFIH1, a gene implicated in antiviral responses, protect against type 1 diabetes. Science. 2009; 324(5925):387–9. https://doi.org/10.
1126/science.1167728 PMID: 19264985

13.

The Myocardial Infarction Genetics Consortium Investigators. Inactivating Mutations in NPC1L1 and
Protection from Coronary Heart Disease. N Engl J Med. 2014; 371(22):2072–82. https://doi.org/10.
1056/NEJMoa1405386 PMID: 25390462

14.

Le SQ, Durbin R. SNP detection and genotyping from low-coverage sequencing data on multiple diploid
samples. Genome Res. 2011; 21(6):952–60. https://doi.org/10.1101/gr.113084.110 PMID: 20980557

15.

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. https://doi.
org/10.1038/nature11690 PMID: 23201682

16.

Peters U, Jiao S, Schumacher FR, Hutter CM, Aragaki AK, Baron JA, et al. Identification of genetic susceptibility loci for colorectal tumors in a genome-wide meta-analysis. Gastroenterology. 2013; 144
(4):799–807.e24. https://doi.org/10.1053/j.gastro.2012.12.020 PMID: 23266556

17.

Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, et al. The Sequence Alignment/Map format
and SAMtools. Bioinformatics. 2009; 25(16):2078–9. https://doi.org/10.1093/bioinformatics/btp352
PMID: 19505943

18.

Go AS, Mozaffarian D, Roger VL, Benjamin EJ, Berry JD, Borden WB, et al. Heart disease and stroke
statistics—2013 update: a report from the American Heart Association. Circulation. 2013; 127(1):e6–
e245. https://doi.org/10.1161/CIR.0b013e31828124ad PMID: 23239837

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1006811 June 22, 2017

15 / 16

Sequencing strategies for identifying singletons

19.

Friedman DS, O’Colmain BJ, Munoz B, Tomany SC, McCarty C, de Jong PT, et al. Prevalence of agerelated macular degeneration in the United States. Arch Ophthalmol. 2004; 122(4):564–72. https://doi.
org/10.1001/archopht.122.4.564 PMID: 15078675

20.

Maahs DM, West NA, Lawrence JM, Mayer-Davis EJ. Epidemiology of type 1 diabetes. Endocrinol
Metab Clin North Am. 2010; 39(3):481–97. https://doi.org/10.1016/j.ecl.2010.05.011 PMID: 20723815

21.

AVP arginine vasopressin [Homo sapiens (human)] [Internet].): National Center for Biotechnology Information [modified 2014 Sep 27; cited 2014 Oct 1]. http://www.ncbi.nlm.nih.gov/gene/551. [cited 2014
Oct 1]. http://www.ncbi.nlm.nih.gov/gene/551.

22.

TTN titin [Homo sapiens (human)] [Internet].): National Center for Biotechnology Information [modified
2014 Sep 27; cited 2014 Oct 1]. http://www.ncbi.nlm.nih.gov/gene/7273. 2014 [cited September 27,
2014]. http://www.ncbi.nlm.nih.gov/pubmed/.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1006811 June 22, 2017

16 / 16

