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Next Generation Sequencing represents a powerful tool for detecting genetic variation associated with human disease.
Because of the high cost of this technology, it is critical that we develop efficient study designs that consider the trade-off
between the number of subjects (n) and the coverage depth (m). How we divide our resources between the two can greatly
impact study success, particularly in pilot studies. We propose a strategy for selecting the optimal combination of n and m for
studies aimed at detecting rare variants and for studies aimed at detecting associations between rare or uncommon variants
and disease. For detecting rare variants, we find the optimal coverage depth to be between 2 and 8 reads when using the
likelihood ratio test. For association studies, we find the strategy of sequencing all available subjects to be preferable.
In deriving these combinations, we provide a detailed analysis describing the distribution of depth across a genome and the
depth needed to identify a minor allele in an individual. The optimal coverage depth depends on the aims of the study, and
the chosen depth can have a large impact on study success. Genet. Epidemiol. 35:269–277, 2011.
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INTRODUCTION
In order to capitalize on the rapid advancement of Next
Generation Sequencing (NGS) technologies [Metzker, 2010;
Shendure and Ji, 2008], investigators have initiated a range
of studies designed to capture the spectrum of genetic
variants underlying human diseases and traits.
In particular, there has been an emphasis on exploring
rare variants (minor allele frequency (MAF) o1%), and
uncommon variants (MAF between 1 and 10%). As
expected, initial reports herald the improvements in
mapping classical Mendelian disorders within pedigrees
and studying more complex, oligogenic diseases. So far,
NGS studies have already identified DNA variants
responsible for Kabuki syndrome [Ng et al., 2010b], Miller
Syndrome [Ng et al., 2010a], acute myeloid leukaemia [Ley
et al., 2008] and metachondromatosis [Sobreira et al., 2010].
As these findings exemplify the power of the technology,
we must now consider the refinements needed to
efficiently design and conduct future studies.
NGS technologies represent major advances in the scope
of sequencing, but are still susceptible to platform-specific
chemistry, imaging and PCR incorporation errors. As a
result, the error rate per sequenced base is often as high as
1–2%. Between this high error rate and the need to identify
the alleles on both chromosomes, each position must be
covered by multiple reads to ensure that variation is
accurately classified [Harismendy et al., 2009]. As the cost
of the study will increase with the total number of reads,
the minimal coverage depth necessary for identifying
r 2011 Wiley-Liss, Inc.

variant, or rare, alleles should be determined. Moreover,
when the choice is between increasing coverage depth and
increasing the number of individuals, it is important to
determine the depth that maximizes power.
We start by examining the relationship between the
average coverage depth and the proportion of rare alleles
that can be detected within an individual. Since common
practice is to determine average depth, as opposed to the
depth at each base, the proportion detected depends
heavily on the distribution of coverage across the genome.
We discuss this distribution, using data from the 1000
Genomes Project [Kuehn, 2008; The 1000 Genome Project
Consortium, 2010], and show that a single shape parameter
can provide a new measure of quality for NGS technology.
Our discussion is applicable to currently available calling
methods [Bansal et al., 2010; Horner et al., 2010; Quinlan
et al., 2008; Shen et al., 2010].
Next, we consider the goal of identifying rare variants
within a sample of unrelated individuals from a given
population. Using an illustrative model, in which the
sequencing cost can be considered as a product of the
number of subjects and the average coverage depth,
we discuss the trade-off between the two. This model has
simplified the cost structure by ignoring other elements
such as DNA extraction, library preparation, and bioinformatic analysis, but keeps the essential point, that increasing
either sample size size or depth often must be accompanied
by a decrease in the other. This trade-off has also been
considered by other groups, including the 1000 Genomes
project [Kaiser, 2008; Kuehn, 2008; Siva, 2008], Bhangale
et al. [2008] and Wendl and Wilson [2008, 2009a,b]. The
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effects of changing the parameters of the study, such as read
error rate, shape parameters and statistical test, are explored
when trying to identify a suitable combination of sample
size and coverage depth to detect variants. When designing
a case/control study to identify associations between SNPs
and a disease, sample size must also be balanced against
coverage depth. Therefore, we offer a method for determining a combination that can maximize the power for
detecting influential SNPs. This discussion extends previous work that identified the sample sizes needed to detect
rare variants for association studies without considering
error [Li and Leal, 2010].

METHODS
NOTATION AND ASSUMPTIONS
Let individual i have Kij reads covering position j (all
notation is listed in Table I). Let Aijk be the true allele for
^ ijk be the observed allele.
read k, k 2 f1; . . . ; Kij g and let A
^ ij jKij ; Gij ¼ 1Þ be the probability of observing a
Let PðA
specific set of alleles given individual i is heterozygous,
Gij 5 1, at position j, conditioned on the number of reads.
^ ij jKij ; Gij ¼ 0Þ be the probability given the
Similarly, let PðA
individual has no variants, Gij 5 0, at position j. Note,
vectors are denoted by the ‘  ’ in the subscript. To calculate
these probabilities, we make five assumptions.
A1. The number of reads, Kij, is distributed as a poisson
variable with mean mlj.
A2. lj is distributed as a gamma variable with shape
parameter z and scale parameter 1/z.
A3. Given an individual’s genotype, the probability of
observing a variant allele on a read covering j follows the
bernoulli distribution with mean pMA (often, pMA 5 0.5)
when Gij 5 1, r, the read error rate, when Gij 5 0, and 1r
when Gij 5 2.
8
if Gij ¼ 0;
< r
^ ijk ¼ 1jGij Þ ¼
pMA if Gij ¼ 1;
ð1Þ
PðA
:
1  r if Gij ¼ 2:
A4. Any two reads, even those within the same individual,
^ ijk ?A
^ ijk jGij .
are independent conditional on the genotype: A
1
2
A5. The frequencies of Gij follow Hardy-Weinberg
Equilibrium.
TABLE I. Notation
n
N
T
Yi
yj
Gij
Kij
Aijk
^ ijk
A
r
m
Genet. Epidemiol.

Number of subjects
Label the subjects with i 2 f1; . . . ; ng
Number of bases, or loci
Label the loci with j 2 f1; . . . ; Ng
Total number of bases in all reads
Disease status of subject i
Yi 2 f0; 1g
Minor allele frequency (MAF) of locus j
Genotype, or # of minor alleles
Gij 2 f0; 1; 2g
Number of reads containing locus j for subject I
True allele copied in read k
Aijk 5 1 denotes the minor allele
Observed allele in read k
Probability observed and true alleles differ
^ ijk 6¼ Aijk Þ
r  PðA
Average coverage depth

DISTRIBUTION OF DEPTH OF COVERAGE
Our first goal is to find the best model fit for the
distribution of read depth. Low coverage sequencing runs
for Caucasian individuals from the 1000 genomes project
are the first examples. BAM files from samples sequenced
at the Sanger Center on the ILLUMINA platform and
samples from Baylor College of Medicine on the ABI
Solid platform were downloaded from ncbi.nlm.nih.gov:
1000genomes/ftp/data/ using Aspera. The pileup command
in SAMTOOLS was then used to obtain the depth of
coverage for the first position of all dbSNP entries on
chromosome 1. Versions of the sequence and alignment
indices were from 3/11/2010. For a second example, we
downloaded read information for the YH genome, the first
genome sequenced as part of the YanHuang project, from
http://yh.genomics.org.cn.
For each sample, we fit the distribution of read depth by
a negative binomial distribution. A value of z is selected
for each platform. For samples within a platform, the MLE
of the sample means, m1,y,mn, are calculated based on only
those positions with at least one read and the poisson
assumption. We defined the shape parameter to be the
value of z that minimized
100
XX
i

f^i ðdÞðf^i ðdÞ  fðdjz; m^ i ÞÞ2 ;

ð2Þ

d¼1

where fðdjz; mi Þ is the density of a truncated negative
binomial distribution at depth d, f^i ðdÞ was the observed
density at depth d in subject i among all positions with at
least one read, and 100 was chosen as an upper bound.

RARE VARIANT DETECTION WITHIN
AN INDIVIDUAL
We calculate the power to detect a rare variant within an
individual under scenarios where we vary r, z, pMA, m and
aIND, the allowed false-positive rate. Our method for
calculating power is best described by simulation. For each
scenario, we simulate lj for S SNPs from a gamma
distribution with shape parameter z and scale parameter
1/z. For each SNP, we then simulate Kij from a poisson
distribution with mean mlj. To simplify the simulations,
we could combine these steps by generating Kij according
to a negative binomial distribution with mean m and size z.
To identify the null distribution, we then simulate the
number, vij, of rare variants at SNP j from a binomial
distribution(Kij,r), where r is the known read error rate,
and calculate LRSij, where LRSij is the likelihood ratio
statistic comparing Gij 5 1 and Gij 5 0,
LRSij ¼2 logðLij Þ¼2ðlogð0:5Kij Þ logðrvij ð1rÞKij vij ÞÞ;

ð3Þ

and Lij is the likelihood ratio
Lij ¼

^ ij jKij ; Gij ¼ 1Þ
PðA
:
^ ij jKij ; Gij ¼ 0Þ
PðA

ð4Þ

The aIND threshold, ta, is the (1aIND) quantile of the
S values of LRSij. To calculate power, we simulate the
number of rare variants at each SNP from a binomial
(Kij,0.5), calculate LRSij and then define power as the
proportion of values exceeding ta. In practice, simulation
could be replaced by calculating power directly (see the
‘‘Rare Variant Detection within a Population Sample’’
section on the next page).
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RARE VARIANT DETECTION WITHIN
A POPULATION SAMPLE
We calculate the power to detect a rare variant within
a population under scenarios where we vary r, z, m, a, y
and n. Power calculations start by simulating a set of S
datasets, S 5 5,000,000 for the null distribution and
S 5 5,000,000 for the alternative distribution. For each
dataset, n values of (Kij,vij) are generated. For each dataset,
we calculate the likelihood ratio statistic, LRSj , to test the
null hypothesis y 5 0, where y is the MAF.
~j Þ  ‘ ð0; rjA
~j ÞÞ;
LRSj ¼ 2ð‘ ðy^ MLE ; rjA
where
~j ; rÞ ¼
‘ ðyjA

X

ð5Þ

logðð1  yÞ2 rvij ð1  rÞKij vij 1yð1  yÞ0:5Kij 1

i

1y2 rKij vij ð1  rÞvij Þ;

ð6Þ

and y^ MLE is the maximum likelihood estimator. To estimate
the null distribution, each dataset is presumed to include n
individuals with Gij 5 0 so vij is distributed as a binomial
(Kij,r) for all i. The S values of LRSj are then calculated,
with ta defined as the (1a) quantile of those S values.
To calculate power, we simulate S datasets, and for
each dataset, generate the genotypes of the n individuals by a multinomial distribution with probabilities
ðy2 ; 2yð1  yÞ; ð1  yÞ2 Þ, and generate vij according to a
binomial with parameters (Kij,r) if Gi 5 0, (Kij,0.5) if
Gi 5 1, and (Kij,1r) if Gi 5 2. The power is the proportion
of the S values of LRSj that exceed ta.

DETECTING ASSOCIATIONS WITH DISEASE
We calculate the power to detect a rare variant within a
population under scenarios where we vary r, z, m, a, y, n and
RR, the relative risk attributable to the variant allele under
the additive model. Power is calculated directly, without
simulation, as follows. We assume a disease prevalence of
0.1 and calculate M1, the 2  3 matrix containing the
probabilities of each genotype in controls and cases. Then
for each possible genotype, we calculate the distribution of
Lij as discussed in the first section of the Appendix and the
^ ij ¼ 0
resulting distribution of the called genotypes, where G
^ ij ¼ NA (i.e. no call) if 1rLijot1, G
^ ij ¼ 1 if
if Lijo1, G
^ ij ¼ 2 if logðLij Þ  t2 . The optimal threst1rLijot2, and G
holds, t1 and t2, require calculation and are discussed in the
third section of the Appendix. Given these probabilities, we
calculate the 3  4 matrix, M2, containing the probability of
^ ij (columns) conditioned on Gij (rows). Letting the fourth
G
column of M2 be the conditional probabilities of a ‘‘no-call’’,
the first three columns of the product M1M2 are the expected
counts for the observed genotypes in a given study. From
this 2  3 table, we calculate the non-centralty parameter
(ncp) for an association test for a dominant variant and
define power as Pðw21;ncp 4tw21 ;a Þ where w21;ncp follows a w2
distribution and tw21 ;a is the appropriate threshold.

RESULTS
DISTRIBUTION OF COVERAGE DEPTH
Given a total of R reads, the ideal distribution spreads
them uniformly over the genome so that every base is

271

covered by the same number of reads. Both stochastic and
experimental limitations prevent such uniform coverage,
and specification is limited to the average, m 5 T/N,
number of reads, where T is the total number of bases in
the R reads (i.e. R  average read length) and N is the
number of bases to be sequenced within an individual (all
notation is listed in Table I). If the efficiency and quality of
sequencing were constant across the genome, the distribution of the number of reads at any given position (i.e. Kij),
or depth of coverage, would likely share similar characteristics to that of a poisson variable with mean m.
Unfortunately, because of variation in local content, such
as the proportion GC and extent of segment duplication,
some regions in the genome can, for certain NGS
technologies, be more difficult to sequence and align
[Kidd et al., 2010]. Therefore, it is unlikely that the overall
distribution of reads follows a poisson distribution, and
evidence from our own data, full genome sequencing
[Wang et al., 2008], and the 1000 genomes project suggests
that the distribution appears to be most similar to a
negative binomial (Fig. 1). To understand the origin of
such a distribution, consider that each base, defined by its
location in the genome, has its own, intrinsic, sequencing
inclination lj and, given this value, the number of reads
covering that base will follow a poisson distribution with
mean mlj. If these lj were distributed according to a
gamma variable with shape z and scale 1/z, then the
overall read depth should be distributed as a negative
binomial with mean m and size z. We chose to work with
the gamma distribution as it conveniently characterizes the
quality of different technologies using a single parameter
and seems to fit data very well.
The shape parameter (z), which describes how the lj are
distributed, is another important measure of sequencing
performance. With the goal being consistent performance
across the genome, all values of lj would ideally be
identical and equal to 1. As larger z imply more tightly
distributed lj, better technologies will, in general, have
larger z, a quantity that can be estimated by the data.
Specifically, for each individual, we fit the observed
distribution of coverage depth to a truncated negative
binomial distribution that considers only positions with at
least one read. Therefore, interpretation of z as a measure
of quality is only meaningful when also considering the
total number of reads and the total number of loci covered.
We estimated z values from four sets of samples. Two
sets of samples were from the 1000 genomes project. For
the distributions of reads corresponding to variants in
dbSNP along chromosome 1 in 116 samples analyzed with
the ILLUMINA platform at the Sanger Center, we
estimated z 5 4 (Fig. 1, see supplementary material for all
116 fits). For the distributions from 20 samples analyzed by
the ABI SOLID platform at the Baylor College of Medicine,
we estimated z 5 5.5. In addition to platform, study center
also affected z as the shape parameter appears slightly
higher from data collected on the ILLUMINA platform at
ILLUMINA. Furthermore, we examined the distribution
from a study with higher coverage. For the distribution of
reads along chromosome 1 in the YH individual [Wang
et al., 2008] sequenced in 2008 by Illumina Genome
Analysers, we estimate z 5 7. Finally, we estimated z in
an exome sequencing project (unpublished data), where
base performance now depends on the ease of sequencing
and ease of capture. Because the capture step is far more
heterogenous, it was not surprising to find z 5 2.2. As
Genet. Epidemiol.
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Fig. 1. Comparing the observed distribution of coverage depth to the distribution estimated by the model. Graphs are for the three
subjects, with the lowest, median, and highest, coverage depth, among the 116 individuals genotyped at the Sanger Center. The black
dots show the true proportion of SNPs with the specified read depth (x-axis), the red/unbroken line shows the distribution of a
negative binomial with that subject’s mean depth and f 5 4, and the blue/dashed line shows the poisson distribution.

Figure 2 shows that such a low z would noticeably reduce
power to detect rare variants. As most upcoming
studies focus on targeted regions, these studies need to
expect small values of z and should choose their depth
accordingly.

RARE VARIANT DETECTION WITHIN
AN INDIVIDUAL
Consider testing whether an individual has a variant
allele at a given location. In hypothesis testing language,
our null hypothesis will be that the individual does not
have a variant allele. Power (powIND) is then defined to be
the probability of correctly rejecting H0 when the subject is
truly heterozygous (Gij 5 1). Power at a single location
and percentage of variant alleles that are discovered are
identical quantities. The false-positive rate, aIND, is the
probability of incorrectly rejecting H0 when Gij 5 0.
Figure 2A shows the power to detect a heterozygote
as a function of m. If the desired false-positive rate is
aIND 5 105 (i.e. 1/10,000 homozygous positions is misclassified as heterozygous), then the proportion of variant
alleles expected to be discovered across the genome are 80,
90, 95 and 99% when the average depth is 12, 17, 23 and 42,
respectively. If the acceptable false-positive rate is lowered
to aIND 5 106, then the required depths would be 14, 20,
27 and 49. If the acceptable false-positive rate is raised to
aIND 5 104, the required depths would be 10, 14, 19 and 25.
The cost, in depth, of raising power by 1% increases
dramatically with power.
Genet. Epidemiol.

Figure 2B shows the dependence of power on the shape
parameter, z. As the shape parameter shrinks, and the
distribution of Kij diverges farther from poisson, the mean
depth needed to ensure an acceptable level of power will
increase. When lj follows a poisson distribution, a depth of
15 detects 95% of the variant alleles (aIND 5 105), whereas
a depth of 23 is needed when z 5 4. A depth of m 5 15, with
z 5 4, only detects 85% of the variant alleles. For exomesequencing, with z 5 2.2, a depth of m 5 15 only detects
79% of the variant alleles.
Furthermore, there is concern that the variant allele may
be more difficult to copy and therefore occur at a lower
frequency (i.e. pMA, defined in assumption 3 in the earlier
section, may be below 0.5). If only 40% of the reads at a
heterozygous position are expected to be the variant allele,
the proportion detected shrinks by 6% (aIND 5 105,
z 5 4, m 5 23: 89 vs. 95%). Figure 2C shows that, if true,
read bias can result in a large loss in power.

RARE VARIANT DETECTION WITHIN
A POPULATION SAMPLE
Consider testing the null hypothesis that all individuals
are homozygous at locus j, Gj ¼ ~
0, in a random sample
of unrelated individuals from a given population. We
consider the likelihood ratio test, defined in the earlier
section, as it performs better than tests based on
individuals’ assigned genotypes.
The power to detect a rare allele increases with n as the
likelihood of collecting an individual with a rare-variant
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Fig. 2. (A) The power to detect a heterozygote individual as a function of average depth and a-level when r 5 0.01, pMA 5 0.5, and
assuming Kij follows a negative binomial distribution. (B) The power to detect a heterozygote individual for different values of f
(a 5 105). Note the change in x-axis. (C) The power to detect a heterozygote individual for different values of pMA, or different read
biases (a 5 105, f 5 4).

increases with n. For any given MAF, however, there is an
n at which the power plateaus as the chance that none of
the subjects have the rare variant is negligible. Power also
increases with coverage depth and for any given MAF,
there will be a m for which the likelihood of incorrectly
classifying a true heterozygote is negligible. Figure 3A
illustrates power as a function of m and n when
MAF 5 0.005, r 5 0.001, a 5 0.0001 and l follows a poisson
distribution. Darker colors indicate higher probabilities of
detection.
If we fix the total number of reads, letting mbig 5 m  n,
our proxy for cost, there will be a specific combination of n
and m that maximize the number of rare variants detected.
In the above example, setting mbig 5 500, we could choose
any combination along the 500/m contour (Fig. 3A).
To better illustrate the options, we plot power as a function
of m with the total cost fixed (Fig. 3B). Note, similar to
previous findings [Wendl and Wilson, 2009a,b], choosing a
l less than the optimal value reduces power far more than
choosing a l greater than the optimal value.
As illustrated in Figure 3C, the optimal l depends most
strongly on r, and greater depth is required as the read
error rate increases. When we reduce our tolerance for
false positives (i.e. decrease a), we similarly benefit from
increasing depth. Changing other parameters has less
effect on the optimal l, as previously suggested in Wendl
and Wilson [2009a,b]. Reducing the shape parameter and/
or increasing mbig may slightly reduce the optimal m.

Overall, depending on the parameters of the experiment,
we find the optimal m to be between 2 and 8.

DETECTING ASSOCIATIONS WITH DISEASE
Consider testing for the association between a rare or
uncommon variant and a disease in a case/control study
with individuals split equally between the two groups.
Here, we present results from a genotype-based test,
where we first genotype each individual and then perform
a w2 test of association, a standard test for the case/control
analysis. In contrast to a test for rare variants, the
association test will have maximum power if n is as large
as possible when the total cost, as defined by mbig, is fixed
(Fig. 4). We review the intuition for this observation in the
discussion section. In this section, we examine the rate at
which increasing coverage decreases power. The decrease
in power from raising m 5 1 to m 5 2, with the corresponding decrease in sample size, primarily depends on the
overall power of the association test when m 5 1. Power is
extremely sensitive to changes in sample size. As a specific
example, consider the scenario where the total number of
reads is 20,000, r 5 0.01, MAF 5 0.05, and a 5 0.0001. Note,
MAF is set at a higher frequency than previous examples
to achieve detectable power. By varying the relative risk
from 1.2 to 2.0, we vary the power at m 5 1 from 0.03 to
0.999. For relative risks of 1.4, 1.6 and 1.8, increasing m
from 1 to 2 decreases the power from 0.42, 0.88 and 0.99 to
Genet. Epidemiol.
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sequencing) using a likelihood ratio test, with kjPoisson, r 5 0.001, aa 5 0.0001, and MAF 5 0.005. (B) The black/unbroken line is
power as a function of l when n  l 5 500 with the above parameters. The red/dashed and green/dotted lines show the l/power
relationships when r 5 0.01 and aa 5 0.01, respectively. (C) The black/unbroken line shows the optimal k as a function of read error
rate, with a 5 0.0001, MAF 5 0.005, n  l 5 500, and kPoisson. The red/dashed line shows the optimal k when a is raised to 0.01.
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Fig. 4. For fixed cost, the power to detect an association decreases
with l. The sharpness of the decline depends on the relative risk
attributable to the SNP. The relationship between power and l is
illustrated for four different values of the relative risk when
MAF 5 0.05, r 5 0.01, a 5 0.0001, and n  l 5 50,000.

0.20, 0.64 and 0.90. Note that the loss in power can be
relatively large for even small increases in m when the
power is low. Holding power constant, changing other
variables such as the total number of reads, MAF or r, has
little, if any, effect on the rate of decrease. Changing a only
has a slight effect, in that allowing for a higher falsepositive rate dampens the rate of decrease.
Again, the genotyping test is not the most powerful test
and the preferable test would be the likelihood ratio test.
Genet. Epidemiol.

Here, the general performance of the tests are similar.
In contrast to rare variant detection, the advantage of the
likelihood ratio test appears truly minimal. If we consider
the scenario where each base is covered by exactly one
read, the likelihood ratio test and genotype-based are
essentially equivalent, with both comparing the proportion
of individuals with a variant allele in the two groups.
For details of the likelihood ratio statistic, see the methods
section. Note that this discussion assumed sequencing
was performed solely for the purposes of an association
test with a specified outcome and no covariates, so there
was no interest in identifying any individual’s specific
genotype.

DISCUSSION
Next Generation Sequencing has emerged as a powerful tool for detecting rare variants and their associations
with human diseases and traits. In this manuscript, we
discussed how to choose the coverage depth for a study
using NGS technology. Many of the statistical techniques
used here were originally developed to examine the extent
of overlap and coverage needed when genomes were
being mapped by ‘‘fingerprinting,’’ where overlapping
clones from recombinant libraries were needed to piece
together the genome [Lander and Waterman, 1988; Siegel
et al., 2000; Wendl and Barbazuk, 2005; Wendl and
Waterston, 2002]. We started by showing that the depth
of coverage ranged greatly across the genome, especially
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when performing targeted sequencing. Therefore, even
when the average depth is high, a large number of
positions can still have relatively low coverage. To avoid
sparse coverage in difficult-to-sequence regions, we need
to raise the average above that suggested by the simpler
models. Statistically, we suggested that the depth of
coverage followed a negative binomial distribution, as
opposed to the simpler poisson distribution. A measure of
the extent of deviation from the poisson ideal provides a
measure of the quality of the sequencing. In this regard,
the shape parameter, which describes that deviation, is
an important characteristic to consider when deciding
between NGS technologies.
The coverage depth needed to identify a variant allele
with high specificity was surprisingly large. The exact
choice of depth depends on multiple considerations, such
as desired a-level, quality of technology and read error
rate. If we are only looking for variants at a pre-specified
set of loci, perhaps those positions already known to be
polymorphic, we might allow a relatively large a-level,
1/1000 or even 1/100. At such rates, a coverage depth
around 10 might be sufficient when using the best
technologies. Another consideration is the quality of the
technology. When the shape parameter is small and depth
is highly variable, we would need to increase coverage
depth. Our analyses were for stand-alone calling algorithms. Other algorithms, specifically those that consider
linkage disequilibrium, will likely require lower depth.
Results from the 1000 genome data should help show how
such advanced methods can augment power.
When trying to detect a new rare variant within a
population, the desirable coverage depth, with realistic
parameters, ranges between 2 and 8 reads, with the exact
depth depending heavily on the acceptable false-positive
rate. With too few reads, it could be difficult to determine
whether a few variant alleles, scattered across all subjects,
occurred by error. With too few individuals, there would be
a non-negligible chance that none of the individuals carried
the rare variant. Therefore, the depths that perform well
balance between these extremes. Our suggested coverage
depth is similar to the depth, 46  , chosen for the 1000
Genomes project and Wendl’s approximation of 3.6.
In contrast with the test for rare variants, the association
test is maximized for power by including as many cases as
possible. In studies with secondary analyses, adjustment for
confounders, or a planned follow-up, increasing depth to
identify heterozygous individuals may be necessary. However, the consequences of such increases can be severe, if
they require a reduction in sample size. Li and Leal also
discuss the need for large sample sizes when detecting rare
haplotypes with frequency o1% [Li and Leal, 2008].
An association test requires genotype calling optimized
for that purpose. Although it is an extreme example,
consider using a calling algorithm that requires 50 reads
before making a call. Obviously, with such a rule, using a
low average depth will perform poorly. Therefore, for a
fair comparison, we should use the optimal calling rule, or
alternatively a rule which maximizes the power of the
following association test. As no such rule had been
discussed previously in the literature, we derived it in a
general, and broadly applicable, form in the appendix.
To understand why maximizing the number of subjects
is optimal for association studies, consider the simple case
where there are no read errors and all SNPs with at least
^ ij ¼ 1. As a
one read of the minor allele are called as G
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standard rule, power is determined by the number of
events, which, in this case,
P ^ is the number of called
heterozygotes. Note that
Gi is higher for 2n subjects
i
with 1 read per base compared
to n subjects with 2 reads
per base. Let p be the true proportion of heterozygotes.
When the reads for only 50% of the Gi 5 1 individuals
contain a minor allele, we would expect 2n  p  0.5
^ ij ¼ 1. In the alternative, where 75%
individuals to have G
of those individuals will have at least one read with a
^ ij ¼ 1.
minor allele, we would expect n  p  0.75 to have G
Note that the gain accuracy does not offset the loss in the
number of subjects, 2n  p  0.542n  p  0.75. See the
supplementary material for addition discussion.
There are important limitations for our conclusions.
First, we assume a constant error rate, regardless of MAF
or the number of minor alleles detected. Because calling
algorithms often use linkage disequilibrium to aid calling,
per base error rates can decrease as sample increases.
One of the consequences is that the depth needed to detect
a heterozygous allele within an individual actually
depends on the total sample size. Second, we have focused
only on SNPs. Because of an increased difficulty in
detecting structural variants, such as copy number
variation, insertions, inversions and translocations [Feuk
et al., 2006], the optimal depth for detecting this type of
variation may require a depth greater than 50 when using
the discordant read pairs method [Wendl and Wilson,
2009a,b]. However, as technology improves, reads become
longer, and read error rates decrease, the necessary depth
should decrease. Third, when considering the error rate at
a single location, our model assumes that all errors
produce the same allele. If errors were random, then the
potential for observing enough of any single allele to call a
specific variant allele would decrease. Fourth, we only
take into consideration sequencing costs. Other costs, such
as collecting data and sample preparation, have been
ignored from our cost structure.
As the cost of NGS falls, its use will continue to increase,
and thus it will be necessary to optimize designs to
efficiently discover and validate variants that map to
human diseases and traits. Sequencing with too low a
depth can negatively impact discovery and with too few
individuals can negatively impact detecting associations.
Overall, it is important to balance sample size and
coverage depth in the context of available resources for
NGS studies.
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APPENDIX
RARE VARIANT DETECTION WITHIN
AN INDIVIDUAL
We calculate power, b, using a numerical approximation of
2

Z

4

b¼
lj

1
X

0
@

Kij ¼1

Kij
X

PðKij jmlj ÞP

vij ¼0

X

13

!

^ ijk ¼ vij jGij ¼ 1 1ðLij  ta ÞA5
A

k

 dFðlj Þ;

ðA1Þ

where we choose ta so
Pð‘ij 4ta jlj Þ ¼

1
X

0
@

Kij ¼1

Kij
X

PðKij jmlj ÞP

vij ¼0

¼ aIND :

X

1
!
^
Aijk ¼vij jGij ¼0 1ðLij ta ÞA

k

ðA2Þ

TESTING FOR ASSOCIATION: LIKELIHOOD
RATIO TEST
We need only find y^ U , y^ A and y^ C , those estimates that
maximize the log-likelihood for controls alone, cases alone
and cases/controls combined. The log likelihood for each
group can be defined by summing over their respective
members
X
~j Þ ¼
‘X ðyjr; A
logðð1  yÞ2 rvij ð1  rÞKij vij 1yð1  yÞ0:5Kij 1
i2X

1y2 rKij vij ð1  rÞvij Þ

ðA3Þ

and the likelihood ratio statistic
~j Þ1‘A ðy^ A jr; A
~j Þ  ‘C ðy^ C ; rjA
~j ÞÞ:
LRSj ¼ 2ð‘U ðy^ U jr; A
ðA4Þ
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TESTING FOR ASSOCIATION: OPTIMAL
THRESHOLD

For our calculations, we use the following notation

When testing for association, the true difficulty is
determining the optimal calling algorithm when genotyping individuals. Here, optimal implies maximizing the
power of the upcoming association test. Although the
^ ij ¼ 0 can be set to 1 without worry,
threshold for calling G
t1 requires more consideration. We ignore t2 because we
test association under the dominant model. If t1 is too
large, then we can discard a substantial proportion of true
heterozygotes. If t1 is too small, then we can misclassify too
many homozygotes. Either error reduces power. By the
calculation below, the optimal threshold, t1 is the smallest
value of t satisfying
MAF  0:5

PðLij ¼ tjGij ¼ 0Þ PðLij  tjGij ¼ 1Þ

:
PðLij ¼ tjGij ¼ 1Þ PðLij  tjGij ¼ 0Þ

ðA5Þ

Equation (A5) shows two key properties of the optimal
threshold
1. The optimal threshold will be higher for alleles with
low MAF, as the right-hand side of Equation (A5) is
decreasing with t. When the MAF is low, we need to
keep t1 high to prevent false positives from overwhelming those few true heterozygotes.
2. The optimal threshold will be higher when the error
rate is high. When the read error is high or m is low, we
need to be extra vigilant about preventing false
positives.
Equation (A5) is based on performing a w test on a 2  2
contingency table. This discussion is completely general,
and this threshold will be optimal whenever a continuous
variable is being converted to a 0/1 variable. In the
following 2  2 contingency table, let a, b, c and d be the
expected cell counts.


a b
:
c d

k  PðL  tjABÞ;

ðA7Þ

u  PðL  tjAAÞ:

ðA8Þ

Therefore, the expected cell counts can be abbreviated as


a  aPðL41jAAÞ ak1bu
:
c  cPðL41jAAÞ ck1du
We can greatly simplify calculating the ncp if we make the
following approximations which we believe to be reasonable
1.
2.
3.
4.

a  aPðL41jAAÞ a;
c  cPðL41jAAÞ c;
a  aPðL41jAAÞ1ak1bu
c  cPðL41jAAÞ1ck1du

a1b;
c1d:

Then, the ncp can be approximated by
Z

ðad  bcÞ2 u2
:
ða1cÞ2 ða1bÞðc1dÞk1ða1cÞða1bÞðc1dÞðb1dÞu

ðA9Þ

By the chain rule, we know
dZ dZ dk dZ du
¼
1
:
dt dk dt du dt

ðA10Þ

Therefore, for the derivative to be less than 0, we need

2

dZ
dk
du o dt :
dZ du

dk dt

ðA11Þ

Straightforward calculations yield

Then, the ncp from the w2 test for equal proportions can be
written as
ðac  bdÞ2
Z
:
ða1bÞðc1dÞða1cÞðb1dÞ
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du
¼ PðL ¼ tjABÞ;
dt

ðA12Þ

dk
¼ PðL ¼ tjAAÞ;
dt

ðA13Þ

ðA6Þ

When we allow for errors and no-calls, the expected cell
counts, and consequently the ncp, change. Assume, we
have adopted the policy to call any locus with a Lr1 to be
^ ij ¼ 0), any locus with trL to be ‘‘AB’’ (i.e.
‘‘AA’’ (i.e. G
^ ij ¼ 1) and not to call a locus with 1oLot. To simplify
G
notation we drop the ij subscript. Then, the expected cell
counts are


a  aPðL41jAAÞ bPðL  tjABÞ1aPðL  tjAAÞ
:
c  cPðL41jAAÞ dPðL  tjABÞ1cPðL  tjAAÞ

dZ
du ¼ 2 PðL  tjABÞ 1 b1d
dZ
PðL  tjAAÞ a1c

dk



PðL  tjABÞ
2
1MAF :
PðL  tjAAÞ
ðA14Þ

Then we should continue to increase the threshold so
long as
MAFo0:5

PðL ¼ tjAAÞ PðL  tjABÞ

:
PðL ¼ tjABÞ PðL  tjAAÞ

ðA15Þ
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