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Abstract
The prevalence of sequencing experiments in genomics has led to an increased use of methods for
count data in analyzing high-throughput genomic data to perform analyses. The importance of shrinkage
methods in improving the performance of statistical methods remains. A common example is that of gene
expression data, where the counts per gene are often modeled as some form of an over-dispersed Poisson.
In this case, shrinkage estimates of the per-gene dispersion parameter have lead to improved estimation
of dispersion in the case of a small number of samples. We address a different count setting introduced
by the use of sequencing data: comparing differential proportional usage via an over-dispersed binomial
model. Such a model can be useful for testing differential exon inclusion in mRNA-Seq experiments or
differential allele frequencies in re-sequencing data. In this setting there are fewer such shrinkage methods
for the dispersion parameter. We introduce a novel method that is developed by modeling the dispersion
based on the double binomial distribution proposed by Efron (1986), also known as the exponential dispersion model (Jorgensen, 1987). Our method (WEB-Seq) is an empirical bayes strategy for producing a
shrunken estimate of dispersion and effectively detects differential proportional usage, and has close ties to
the weighted-likelihood strategy of edgeR developed for gene expression data (Robinson and Smyth, 2007;
Robinson et al., 2010). We analyze its behavior on simulated data sets as well as real data and show that our
method is fast, powerful and controls FDR compared to alternative approaches. We provide implementation
of our methods in an R package.

1 Introduction
In genomic studies, a common approach to high dimensional data is to marginally examine the effect of each
feature with a simple statistical test in order to find the most promising feature. A wide-spread example of
this type of marginal testing is that of gene expression studies, where each sample consists of measurements
of the mRNA levels of tens of thousands of genes from the sample. In this setting, there are generally few
samples (sometimes on the order of 10 or less) and thousands of features. A common analysis is to perform a
statistical test separately for each gene, for example, a t-test to determine if there is a difference between two
groups of samples. In such a paradigm, it has been found that shrinkage of the individual parameter estimates
or test statistics greatly improves the results and a great deal of work has been done in different settings to
this purpose.
The setting for many of these shrinkage routines has been in the context of continuous, roughly lognormal intensity data from microarray experiments. The growth of relatively cheap sequencing technologies
has resulted in sequencing becoming preferred over the previous generation of microarray technologies. The
result of sequencing experiments, unlike the continuous intensity measurements of microarray experiments,
is often a count of the number of sequences matching a criteria, such as the number of sequences from a
particular gene. As a result there has been great interest in how to most effectively use discrete distributions
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for common tasks that previously relied on normal data. For the setting of marginal testing approaches,
this includes appropriate use of over-dispersed models and how to similarly provide shrinkage methods for
marginal test-statistics.
A common type of question in this setting is to compare the proportions of sequences measured across
different conditions. One setting in which this is common is the case of finding differences in mRNA levels
of a gene in different conditions. In this case, the counts per gene are the number of sequenced mRNA
that come from that gene. There are different amounts of total sequences collected from different samples,
so that the question of interest is whether the proportion of counts allocated to a given gene varies across
conditions. In the gene setting, however, the total number of sequences in a sample is in the millions and are
spread across thousands of genes, and so the proportions are quite small. For this reason it is common to use
a Poisson distribution to model the counts with an offset parameter equal to the total number of sequences
(Marioni et al., 2008). Generally an over-dispersed model is preferred, and the prominent modeling technique
for over-dispersion has been to use a negative-binomial (Robinson and Smyth, 2007), though some methods
have incorporated over-dispersed binomial distributions such as the beta-binomial and the extra-binomial
variation of Williams (1982). For all of these gene-expression methods, there has also been focus on creating
shrinkage estimators of the dispersion parameter which greatly improve the performance of the methods in
small sample sizes (Robinson and Smyth, 2007; Anders and Huber, 2010; Zhou et al., 2011; Yang et al.,
2012; Wu et al., 2013; Yu et al., 2013; Leng et al., 2013).
We are interested in a slightly different setting, namely when the Poisson approximation is not valid and
the proportions can take on the full range of 0 to 1. In this case, an over-dispersed binomial model is required,
and there is much less work in this setting. Our motivating example comes from the question of measuring
alternative splicing – when the gene can produce multiple versions of mRNA that included different combinations of the exons of a gene. One simple approach to finding differences in alternative splicing across
samples is to measure the number of sequences including the exon and compare it to the number excluding
the exon (Shen et al., 2012; Wu et al., 2011), in which case differences in the exon usage appear as a question
of comparing proportions across conditions. Another example can be found in resequencing of tumors where
the mutations can be present at different proportions in a sample and the question is to compare proportions
of mutation inclusion across conditions.
Our focus, like that of the more standard gene expression setting, is on shrinkage estimates of the dispersion parameter, which is the common focus of high-throughput genomic settings. Among the existing
shrinkage methods for the dispersion parameter, only few methods exist that use the binomial distribution
and are therefore applicable here: the BBSeq method of Zhou et al. (2011) and the modified extra-binomial
(EB2) method of Yang et al. (2012), neither of which were developed for the setting of differential exon
usage.
We propose a novel empirical bayes framework for estimating the dispersion parameter for data from a
dispersed exponential family. In developing our framework, we model the over-dispersion for a binomial
using the double exponential model of Efron (1986), also known as the exponential dispersion model (Jorgensen, 1987). Our empirical bayes method framework is based on the fact that the conditional likelihood
of the dispersion parameter can be shown to be approximately Gamma distributed, which we develop below.
In addition to being a tractable distribution, the estimates produced from the double exponential model have
close ties to quasi-likelihood estimates which are widely used for estimation of binomial over-dispersion.
Given this close connection, our method is effectively an empirical bayes method for quasi-likelihood estimation of the dispersion parameter.
Our empirical bayes framework provides two, related versions. The first is the standard empirical bayes
estimator (DEB-Seq). The second (WEB-Seq) is an alternative empirical bayes estimator developed by extending the weighted likelihood method of shrinkage of Robinson and Smyth (2007) to the double exponential
distribution. We show that for the double exponential, the weighted likelihood method gives a similar form
for the shrinkage estimate as our empirical bayes method, and that the empirical bayes methodology provides
a novel method of a data-driven estimate for the tuning parameter.
We compare the performance of our method to other methods and demonstrate that in addition to providing a fully automated method for shrinkage, our methods have superior performance on simulated data in the
exon inclusion setting. We also apply these methods to mRNA-Seq data from real tumor samples generated
by the Cancer Genome Atlas project (Cancer Genome Atlas Research Network, 2011) which suggests that it
can similarly control the false discovery rate and find promising targets of splicing.
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Modeling the Dispersion

There are several different distributional choices for a dispersion model for the binomial. A very common
choice is the beta-binomial model, used by the BBSeq method, which places a beta prior on the standard
binomial distribution proportion parameter and results in a distribution with a separate mean and dispersion
parameter. The MATS method of Shen et al. (2012) creates a dispersed model by placing a uniform prior on
the proportion parameter of the binomial.
Another common approach is to use quasi-likelihood methods; the estimates for the proportion (mean)
remain the same as that found from a binomial model, but the distribution of the estimate of the mean depends
on a dispersion parameter and thus results in greater (or less if under-dispersed) estimates of variability than
the standard binomial model in the case of a quasi-binomial. An existing method of analyzing proportions, the
modified extra-binomial (EB2) method (Yang et al., 2012), follows an alternative quasi-likelihood approach
of Williams (1982).
We focus our methods on the double exponential family (Efron, 1986), also known as the exponential
dispersion model (Jorgensen, 1987), which is a probability model that results in estimates closely related
to the quasi-likelihood method. This class of distributions, which we will describe in detail below, adds a
dispersion parameter to any member of the exponential family. This distribution has the advantage of being
closely related to the quasi-likelihood approach and yet still provides a likelihood platform for shrinkage
methods. Furthermore, the distribution is itself in the two-parameter exponential family, making calculations
and approximations straightforward.
In what follows, the data consists of two n × p count matrices, Y and M. Each yij entry is the counts
for inclusion of the event j for sample i and mij gives the total possible number of counts related to event j.
For the setting of exon inclusion, yij would be the number of reads including or overlapping exon j and mij
would be the total number of reads either expressing exon j or skipping exon j. The value yij /mij is the
standard estimate of the proportion of inclusion of the event. For concreteness, we will continue to refer to
the events as “exons” with the understanding that the same methods could be applied to other settings. The
mij terms will often be referred to as the total count. In this section, we will focus on the modeling of just a
single exon, and we will drop the subscript j when the meaning is clear.

2.1 The double exponential distribution
The data for each exon is modeled using the class of double exponential distributions of Efron (1986) which
generalizes any exponential distribution by including an over-dispersion parameter. Specifically, assume our
initial exponential distribution is given by
gmi (zi ) = exp(mi (ηzi − ψ(µ)))dGmi (zi ),
where µ = E(zi ) and η = η(µ)
 isthe link function. For the case of binomial, the link function is the standard
µ
and the normalizing function ψ is given by ψ(µ) = − log(1 − µ). Note
logit function, η(µ) = log 1−µ
that we follow the notation of Efron (1986) so that the parameterization is such that E(zi ) = µ, implying for
the binomial distribution that zi is the proportion yi /mi .
Then the dispersed density, with dispersion parameter φ is given by


zηµ − ψ(µ)
c(µ, φ, mi )
√
exp
dFmi (zi ),
φ
φ
where c(µ, φ, mi ) is a normalizing constant. The role φ is reminiscent of the role of the variance parameter
in a normal distribution where φ > 1 implies over-dispersion and φ < 1 implies under dispersion. The
resulting variance of Z is approximately φ Vm(µ)
, where V (µ) is the variance function for the corresponding
i
(non-dispersed) exponential family (V (µ) = µ(1 − µ) in the case of the binomial).
The double exponential distribution can be reparameterized to be a member of the two-dimensional exponential family, and we work with the distribution in its canonical exponential form,
exp(mi (λZi + θUi − Ai (θ, λ)))dFmi (Zi )
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where θ = 1/φ, λ = η/φ, and
Ai (θ, λ) = ψ(µ)θ −

1
1
log θ −
log(c(µ, θ, mi )).
2mi
mi

The sufficient statistics of (λ, θ) are given by (Zi , Ui ) where Ui = ψ(Zi ) − Zi η(Zi ) = ρ(Zi ). The function
ρ(x) = ψ(x) − ηx x is determined by the specific exponential distribution. In the case of the binomial,
ρ(x) = − log(1 − x) − x log(

x
) = −(x log x + (1 − x) log(1 − x)).
1−x

For the binomial, ρ(x) is defined on [0,1], with ρ(0) = ρ(1) = 0, so it is well defined for all values of Zi .
We are interested in the case where there are covariates that results in different µ for different samples
i, ηi = xTi β with β ∈ Rq . We focus on the common case in genomic studies where xi defines K separate
groups. Then we have a separate ηk for each group k, and the joint likelihood can be written as
!)
(
X Mk
Tk + θU − A(θ, λ)
dF (Z1 , . . . , Zn )
(1)
exp M
λk
M
k

mi
where Mk =
i∈k mi , Tk =
i∈k Mk Zi , the standard binomial estimate of the mean µk , and U =
P mi
P Mk
ρ(Zi ), For convenience we can rewrite U in terms of the groups, U =
k M Uk , where Uk =
Pi M m
i
ρ(Z
).
i
i∈k Mk

P

P

Approximating c(µ, θ, m) The normalizing constant c(µ, θ, m) can be computationally expensive to calculate, especially in the context of genomic studies where the maximization routines will need to be calculated
for every exon. Efron notes that the normalizing constant can be approximated in the case of the binomial by


1 1−θ
1
m→∞
c(µ, θ, m) ≈ 1 +
1−
−−−→ 1.
12m θ
µ(1 − µ)
Maximizing the approximate joint likelihood with c(µ, θ, m) = 1 gives MLE estimates for µ and φ, µ̂k = Tk
and

P Mk
2M
1 XX
k M (ρ(Tk ) − Uk )
φ̂ =
=
D(zi , µ̂k )
n
n
k

i∈k

where D(zi , µ̂k ) is the deviance of zi from its estimated group mean µ̂k . Thus the approximation c(µ, θ, m) =
1 results in the standard quasi-likelihood estimates of the dispersion based on deviance residuals, giving a
likelihood based method that echoes the quasi-likelihood method (Efron, 1986).
This approximation leads to enormous computational savings as well as alignment with the standard
quasi-binomial approach, and the methods we develop rely on this approximation for the likelihood.

2.2 Conditional Likelihood
For all of the methods of shrinkage, we rely on the conditional likelihood of θ per exon for the purpose of
combining likelihoods across exons independently of the their proportion µ (Robinson and Smyth, 2007).
This provides a likelihood of the data that depends solely on θ and allows us the opportunity to shrink the
estimates of θ across exons independently of our estimates of µ. Namely, let θ̂ and µ̂ be the joint MLEs of
θ, µ; then the conditional distribution
Pθ,λ (θ̂|λ̂) = `(θ)
defines a likelihood of θ that is independent of µ because our distribution is a member of the exponential
family. The exact conditional distribution for the double exponential is not tractable; however, we can approximate the conditional distribution using the modified profile likelihood (see Pawitan (2001) for a review),
 2

1X
∂
`AC (θ) = `(λ̂θ , θ) +
log
M
A(θ,
λ)|
λ=λ̂θ
2
∂λ2k
k
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where
λ̂θ = arg max `(λ, θ).
λ

Using the approximation c(µ, θ, m) = 1, the double exponential distribution implies
simple approxiPa P
mate form for the conditional likelihood of the sum of the deviance residuals. Let S = 21 k i∈k D(zi , µ̂k )
be half the total sum of the deviance residuals. Then, the conditional log-likelihood of θ̂|µ̂ is simplified as
`AC (θ) = −θS +

n−K
log(θ).
2

Note that maximizing the conditional distribution results in the estimate
φ̂ =

1 XX
D(zi , µ̂k ).
n−K
k

i∈k

The change in the degrees of freedom to n − K, as compared to the MLE with degrees of freedom n, is a
common result of using conditional distributions, see for example REML methods in random effects models.
n−K
Therefore, the conditional distribution of θ̂|µ̂ is approximately proportional to θ 2 exp(−θS). A
change of variables to S, T1 , . . . , Tk gives us that
P (S|T1 , . . . , Tk ) ≈ Gamma(

n−K
, θ),
2

where θ is the rate parameter of the Gamma (the distribution can be equivalently expressed with φ as the scale
parameter).
This result does not depend on the form of the underlying exponential family, though we will use the
binomial distribution. It could similarly be used for an over-dispersed Poisson distribution for gene expression
analysis, for example, though unlike the negative binomial the relationship between the mean and variance
would be linear, not quadratic.

3

Development of Empirical Bayes Methods

Three general approaches to providing shrinkage of dispersion parameters are common in the literature: 1)
modeling of the dispersion values as a function of other aspects of the data, 2) weighted likelihood shrinkage,
and 3) empirical bayes shrinkage by estimating prior parameters from the marginal distribution of the data.
The first two approaches are implemented in the methods DESeq (Anders and Huber, 2010) and edgeR
(Robinson and Smyth, 2007), respectively, in the context of analyzing differential gene expression using
a negative binomial distribution. The last approach is implemented in the methods EBSeq (Leng et al.,
2013) and DSS (Wu et al., 2013), both for differential gene expression detection and in the case of EBSeq
differential isoform expression. In addition, empirical bayes methods are used in a wide range of problems,
in particular for gene expression analysis of microarrays where the widely used limma method (Smyth, 2005)
provides empirical bayes shrinkage of the variance parameter of a linear model.
We developed methods for the double binomial distribution for all three of these approaches to shrinkage.
In what follows, we only present the weighted likelihood and the empirical bayes approaches. The empirical
bayes estimator results in our DEB-Seq method, while the fusion of the weighted likelihood and empirical
bayes results in the WEB-Seq method.
The first approach, which we do not present, performs a parametric regression of the estimated dispersion per gene or event to other parameters in the model. In the example of DESeq this involves fitting a
parametric curve to the estimated variance as a function of the estimated mean, as calculated across many
genes. The method of BBSeq (Zhou et al., 2011) use the same general principle, but adapts it to the case of
the beta-binomial distribution by fitting a cubic polynomial to the independently estimated, logit transformed
dispersion parameters as a function of the fitted values from the GLM. In both cases, once the parametric
form is estimated, the shrinkage of the initial dispersion estimates results by replacing the individual dispersion estimates with that given by the fitted curve. This can be considered total shrinkage to the estimate of
the population’s pattern of variance. In our implementation of the BBSeq version of this approach under the
5
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double binomial model, we found that in the exon inclusion setting the resulting p-values grossly failed to
control the false discovery rate, and so we did not consider it any further.
We also compare our methods to others existing methods appropriate for the inclusion-exclusion setting. These methods perform shrinkage of dispersion in slightly different ways. The modified extra-binomial
shrinkage method (EB2) (Yang et al., 2012) was developed to test for differences in allele frequencies, though
it can be easily applied to the setting of differential exon usage. The method employs shrinkage by reparameterizing the variance function in terms of two global parameters that are estimated via linear regression by
combining data across all SNPs. MATS (Shen et al., 2012), in addition to assuming a uniform prior for the
proportion parameter, adds a correlation between the two conditions being compared, a parameter that is
assumed shared by all the exons and thus provides implicit shrinkage.

3.1 Weighted likelihood
Wang (2006) gives a general strategy for combining likelihoods across multiple datasets that relies on a
likelihood equation that is a weighted combination of the likelihoods of all the experiments. Robinson and
Smyth (2007) adapt this idea to the gene-expression setting to make it gene-centric. Each gene j is given
a separate weighted log likelihood `jW L (θ) which is the weighted sum of the individual gene likelihood for
gene j, `j (θ), and a common likelihood which is the sum of the individual gene likelihoods for all genes
`CM (θ),
p
1X j
` (θ)
`CM (θ) =
`jW L (θ) = `j (θ) + δ`CM (θ),
p j=1
Then for each gene j, the shrunken estimate θ̂j is given by maximizing `jW L (θ). In order to apply this to the
dispersion parameter of a negativePbinomial, Robinson and Smyth (2007) use the conditional likelihood of θ
p
given the sufficient statistic Tj = i=1 Yi as the likelihood `j (θ). We note that for the negative binomial, this
requires that the total count parameter mi be equal for all samples, which is not the case in typical RNA-Seq
experiments, so Robinson and Smyth (2008) provide a method of getting pseudo-totals by implementing what
they call a quantile-adjusted conditional maximum likelihood procedure (qCML). Essentially, the observed
data is adjusted via an iterative algorithm to simulate pseudo-data that is distributed from a negative binomial
with equal library sizes.
Though we follow the same strategy to create a weighted likelihood using the approximate conditional
likelihood `AC (θ) for the double binomial setting, unlike for the negative binomial distribution, our conditional likelihood for exon j does not require equal mij for all samples, eliminating the need to create
pseudo-data in the implementation.
Again, if we assume that c(µ, θ, m) = 1 we get an enormous simplification and can analytically solve
for θ̂jW L . Specifically, let Sj = Mj (Rj − Uj ) for each exon j. Then for a specific exon j∗, we define its
weighted likelihood as
p

j∗
`j∗
W L (θ) = `AC (θ) + δ

= −θ(Sj∗ + δ

1 X j∗
` (θ)
p j=1 AC
1X
n−K
Sj ) +
(1 + δ) log(θ)
p j
2

which gives that
j
θ̂W
L =

n−K
2 (1

+ δ)
,
Sj + δ S̄

Pp
where S̄ = p1 j Sj .
The weight δ given to the common likelihood `CM (θ) is a tuning parameter that must be chosen, and
McCarthy et al. (2012) suggest that it be chosen so that it is proportional to sample size adjusted by degrees
20
of freedom, with the edgeR package assigning a fixed value for δ by default equal to n−K
.
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3.2 Empirical Bayes
Empirical bayes estimation of the dispersion parameters via an explicit likelihood formulation is a natural
way to provide shrinkage estimators of the dispersion parameter. By this we mean, formulate a Bayesian
model Y |θ ∼ F and θ ∼ Gα to get estimates of θ, Eα (θ|Y ) and then choose a parameter α by estimating α
from the marginal distribution of Y . Many distributions, including the double binomial, do not have a prior
that gives a tractable form for the marginal distribution of Y to permit easy estimation of α from the data.
However, if we make the approximation that the normalizing constant in the distribution is equal to 1, we
showed that there is a simple conditional distribution for the statistic S (defined as half the sum of the deviance
residuals), namely that S|T is approximately Gamma distributed with known shape parameter (n − K)/2,
and rate parameter equal to θ.
Critically, the approximate distribution of Sj is independent of the individual total counts, mij , per exon
and sample. It depends only on the total sample size n, and therefore is comparable across exons with
different total counts mij . This suggests a simple bayesian estimation approach for θj of exon j. With
known shape parameter, a conjugate prior for the rate parameter of a gamma distribution is itself a gamma
distribution, Γ(α0 , β0 ). Then the posterior distribution of (θj |Sj , Tj ) is Γ( n−K
2 + α0 , S + β0 ) and estimation
of θj can be given by the mean of this gamma distribution.
To give an empirical bayes solution, we estimate α0 and β0 from the marginal distribution of the Sj across
all exons by using the fact that the conjugate Gamma prior for θ results in an analytical expression for the
marginal density of Sj given by the generalized beta distribution (Raiffa and Schlaifer, 1961),
p(sj |tj ) =

(n−K)/2−1 α0
β0
)(n−K)/2+α0 B((n −

sj

(sj + β0

K)/2, α0 )

.

This means that the Sj , conditional on Tj , are marginally identically distributed and we can use the joint
likelihood of Sj |Tj to find estimates α̂0 and β̂0 . We estimate α̂0 and β̂0 by maximum likelihood estimation.
Then the empirical bayes estimate of θj is given by
j
= E(θj |Sj ) =
θ̂EB

n−K
2

+ α̂0

Sj + β̂0

.

We call this Double exponential Empirical Bayes with application to Sequencing (DEB-Seq).

3.3 WEB-Seq
One major advantage of the empirical bayes method in estimating the dispersion is that the amount of shrinkage performed is entirely determined from the data unlike the weighted likelihood method. It is not known,
especially in the context of exon usage, if a single default will perform adequately across a range of differing
experiments.
It is clear from comparing the two estimators above that they take the same form, implying the weighted
likelihood method can be written as an empirical bayes solution where the prior is parameterized by a single
variable δ rather than the two parameters α0 and β0 ,
n−K
2
β0 = δ S̄.

α0 = δ

We are implicitly treating S̄ as a fixed value, rather than explicitly conditioning on it, but S̄ will normally be
the average of thousands if not tens-of-thousands of exons. Note that in the weighted likelihood approach, δ
is assumed to be strictly positive, and S̄ will similarly be positive, therefore satisfying the assumptions for α0
and β0 to yield a true density.
This naturally suggests an estimator based on this alternative parameterization to fuse these two methods
together, which we call a Weighted Empirical Bayes shrinkage with application to Sequencing, or WEB-Seq.
This results in a reparameterized marginal density of Sj as,
(n−K)/2−1

p(Sj |Tj ) =

Sj

(Sj + δ S̄)

n−K
2
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δ

(δ S̄)

n−K
2

(1+δ) B( n−K , δ n−K )
2
2
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Maximizing this density as described above for the empirical bayes method gives us an estimate δ̂ and represents the amount of shrinkage that is performed in the weighted likelihood method as determined by the data.
The resulting dispersion estimates are then,
j
θ̂W
EB =

n−K
2 (1

+ δ̂)

Sj + δ̂ S̄

(for details concerning optimization see Supplementary Text, Section 1).
We will see that WEB-Seq has similar performance to the original empirical bayes approach, though it is
more conservative and as a result slightly less powerful. Both methods perform well, and we choose to focus
on this method largely because it appears to be more robust to violations of the model due to being more
conservative.

3.4 Estimates of under-dispersion near the boundary
We found in our initial simulations that estimated proportions lying on the boundary (i.e. either exactly 1 or 0,
corresponding to a sample that displays no skipping or only skipping) have a large and adverse effect on the
false discovery rate (FDR) as the sample size increases (see Supplementary Figure S1). This is because the
method estimates under-dispersion for such exons, leading to a large number of false discoveries. Moreover,
the effect is worse with larger sample sizes: the effect becomes noticeable around 5-10 samples per group and
for increased sample sizes the FDR grows without control. The reason for the increase with larger sample
sizes is that exons with proportions all 1 or 0 across all samples get a p-value of one, which results in an
implicit filter of the data. For exons whose true proportion is near the boundary, the observed data is more
likely in low sample sizes to have estimated proportions entirely on the boundary and therefore assigned
a p-value of one. In larger sample sizes, there is an increased chance that a non-boundary sample will be
observed, allowing the exon to remain in the analysis and have an effect on the FDR results.
There are several ad hoc approaches to this issue. One is to filter exons with mean proportion close to
the boundary. While a successful filtering procedure can result in a positive impact on the power of a test
(Bourgon et al., 2010b), in this case it is unsatisfactory to have a test-statistic that is so sensitive to the degree
of filtering. Another approach is to not allow under-dispersion by setting the dispersion in such cases to one,
i.e. binomial variance (and see also the most recent version of DESeq that does not allow the dispersion
estimate to be decreased via shrinkage).
We obtained better results by adjusting the degrees of freedom n − K that appears in the Gamma prior
to be nef f − K, where nef f is the maximum of the number of non-boundary samples and K + 1, where K
is the number of groups. Note that this means that each exon has a slightly different effective sample size. A
similar difference in effective sample size can result when a sample has mij = 0 (see Supplementary Section
1 for details). The result is that it remains possible to estimate under-dispersion for an general exon, but
this adjustment makes it more difficult to erroneously estimate under-dispersion on the boundary. With this
adjustment no under-dispersion is in fact estimated at any sample size for any exon in our simulated or real
data sets, while previously exons with proportion parameters near the boundary were frequently estimated
to be under-dispersed. Further, a continuous range of dispersion values θ are estimated for these boundary
exons which we find to be more natural than forcing them all to θ = 1, i.e. no dispersion.

3.5 Comparison of conditions
After getting estimates of θ for each exon, we estimate η with η̂ = η̂θ̂ , where η̂θ is the maximum likelihood estimate of η for a fixed θ. We then return to our question of testing differences of inclusion between
conditions. These can be formulated in the form of contrasts on the vector η and we can test per exon the
significance of the contrast. In our implementation, we focus on the common two group comparison setting
though all of the methods carry through to the more general setting of contrasts of groups. In this setting,
let β be the value of the contrast defined by the difference of the two group means and β̂θ the maximum
likelihood estimate of β for a fixed θ.
For testing the specific null hypothesis β = 0, we calculate the likelihood ratio statistic for a known value
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of θ as
Wθ = log

Lθ (β̂θ )
K −1
H0
1
= θ(SH0 − S) = `H
log(θ),
AC (θ) − `AC (θ) +
Lθ (0)
2

where SH0 is the one-half the sum of the deviance residuals based on estimates calculated under the null
hypothesis, and S is the same quantity calculated with estimates under the alternative. In our setting, we
replace θ in the likelihood with our estimate θ̂ in both L(β̂1 ) and L(0), in which case,
H0
1
Wθ̂ = θ̂(SH0 − S) = `H
AC (θ̂) − `AC (θ̂) +

K −1
log(θ̂).
2

Asymptotically, Wθ̂ should follow a F distribution with (K − 1) and (n − K) degrees of freedom (Jorgensen,
1997).
Based on our simulations, we find that this approximation is poor for small sample sizes, e.g. when the
size of each group is five or less. Instead we propose an alternative statistic, which re-estimates θ under the
null and alternative, that has much better performance in small sample sizes,
!
θ̂
K
1
n
H0
1
= `H
log(θ̂) − log(θ̂H0 ).
Wθ̂,θ̂H = θ̂H0 SH0 − θ̂S + log
AC (θ̂) − `AC (θ̂H0 ) +
0
2
2
2
θ̂H0
We also find that the shrinkage methods result in less variability in the estimate of θ̂, with the result that
the likelihood ratio statistic more closely follows a χ2n−K distribution than the standard F distribution for
unshrunken estimates.

4 Application to Simulated Data
4.1 Description of the Simulation
Exon count simulations were created under a two group comparison setting. For the purpose of imitating
real data, we chose simulation parameters based on fitting models to 170 Acute Myeloid Leukemia samples
generated by the Cancer Genome Atlas project (Cancer Genome Atlas Research Network, 2011), see Supplementary Text, Section 2 for details. We generated data under a double binomial distribution and also a
beta-binomial distribution for evaluation of the robustness of our techniques, all of which were developed assuming the data come from a double binomial distribution. Ten percent of the exons were randomly selected
to show differential usage between the groups; for these non-null exons, the treatment effect, β1 , was picked
uniformly from the union of [-3,-0.5] and [0.5,3] , accounting for both decreased and increased exon usage.
For each simulation, 85,373 exons were simulated and a basic filtering process was applied to remove exons
with proportions all equal to 1 or all equal to 0.
We used the simulated data to evaluate the methods developed above: 1) the empirical bayes with a single
parameter prior (WEB-Seq) 2) the general two-parameter empirical bayes method for the prior parameters
(DEB-Seq), and 3) the weighted likelihood method with δ fixed to be equal to the default value implemented
20
in edgeR ( n−K
, Robinson et al. (2010)). In addition to our dispersion-shrinkage methods, we implemented
the shrinkage method of BBSeq and EB2. The MATS method described above does not take as input inclusion
and exclusion count matrices, but rather creates it own from BAM alignment files, and thus could not be
compared on the simulated data.
We also implemented three methods that fit a dispersion parameter per exon but with no shrinkage across
exons: quasi-binomial GLM estimation as implemented in the glm function in R (R Core Team, 2013),
maximum likelihood estimation based on a beta-binomial distribution, and maximum likelihood estimation
based on an approximate double binomial distribution where the normalizing constant is set to 1 (see Section
2.1). The quasi-binomial GLM and the double binomial MLE are closely connected, as described in Section
2.1, and are both non-shrinkage counterparts to our methods. However, the quasi-binomial estimation by
default uses Pearson residuals to estimate the dispersion, rather than deviance residuals. The beta-binomial
maximum likelihood method is the non-shrinkage counterpart of the BBSeq method.
For each procedure, the estimation procedures were performed and the p-values were adjusted to control
the FDR to a 0.05 level using the standard Benjamini-Hochberg FDR procedure (Benjamini and Hochberg,
9
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Figure 1: Double Binomial Methods Plotted is the average Power (y-axis) against FDR (x-axis) over various
sample sizes across 100 double binomial simulations, based on p-values adjusted to provide a 5% FDR level.
The results for a single method across different sample sizes are connected by a line. The numbers that overlay
a method denote the power and FDR for that specific sample size (per group) in a 2 group comparison. The
5% FDR boundary is given by the dotted vertical line. The data are simulated under (a) a double binomial
distribution and (b) a beta-binomial distribution. The methods shown are all based on a double binomial to
account for over-dispersion: 1-parameter empirical bayes (WEB-Seq); 2-parameter empirical bayes (DEBSeq); edgeR default weighted likelihood; and estimation of a single dispersion parameter θ for all exons
(common likelihood). The double binomial MLE is not shown because it’s FDR values were beyond the
limits of the plot.
1995) implemented in the p.adjust function in R (R Core Team, 2013). The final measures of performance
were the methods’ ability to control false discoveries and their power to detect non-null exons over the 100
simulations.

4.2 Results of Simulation
We show the true false discovery rate plotted against power for different sample sizes for our shrinkage
methods in Figure 1. For data distributed as double binomial, WEB-Seq and DEB-Seq control the FDR at
all sample sizes converging on the expected 0.05 FDR for very large sample sizes, with WEB-Seq being
more conservative and with slightly less power as a result. Weighted likelihood with a pre-determined tuning
parameter (based on edgeR recommendation) is slightly erratic in its control of FDR for extremely small
sample sizes, but then adequately controls FDR. However, the pre-determined tuning method becomes overconservative for large sample sizes and the result is a large drop in power for large sample sizes.
To evaluate the robustness of the methods, we consider data not following the given model, but rather the
beta-binomial distribution. Here there appears to be an underlying bias due to the p-values being calculated
under the wrong model, and for large sample sizes both WEB-Seq and DEB-Seq converge to around an FDR
of 0.10. However for moderate sample sizes (less than 20 per group) the more conservative WEB-Seq still
manages to control the FDR; DEB-Seq still has greater power, but has a slight increase of FDR to about 0.07
for moderate sample sizes.
In Figure 2 we compare to other existing methods. WEB-Seq shows great improvement in controlling the
FDR compared to all of the other methods – both those that use shrinkage and those that do not. The methods
that do not utilize shrinkage have large false discovery rates for small to moderate samples sizes. The beta-
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Figure 2: Comparison to Alternative Methods: Plotted is the average Power (y-axis) against FDR (x-axis)
over various sample sizes across 100 double binomial simulations, based on p-values adjusted to provide a
5% FDR level, see Figure 2 for details. The alternative methods, both those that perform shrinkage and those
that do not, are compared to WEB-Seq: Quasi-binomial (no shrinkage), BBSeq, EB2, and Beta-binomial
MLE estimates (no shrinkage).
binomial MLE with no shrinkage performs the best of the alternative methods under both simulations, but
still has an FDR larger than the target 5% for less than 10-15 per group. Quasi-binomial does not come close
to controlling the FDR even with double binomial distributed data until more than 50 samples per group (with
an FDR of 9.7%). In contrast, WEB-Seq controls the FDR at the desired level across the full range of sample
sizes for the double binomial data, only showing increased FDR in the beta-binomial data for large sample
sizes.
The EB2 and BBSeq methods both implement shrinkage and rely on beta-binomial dispersion models.
Both methods do not even minimally control the FDR in our simulated setting, even for beta-binomial data
with large sample sizes, with FDR values ranging from 0.73 and 0.85 (n = 2) to 0.092 and 0.14 (n = 75) for
BBSeq and EB2, respectively. Similarly, the double binomial GLM (not plotted) fails to control the FDR at
any sample size and converges to an FDR at around 40%.
Many biological studies focus on the top performing exons for validation and followup analysis, especially when there are large numbers of significant results. We find that the WEB-Seq method not only
provides better global performance, but also gives p-values that better prioritize the truly non-null exons, i.e.
the ranks of the exons based on the p-values. In Figure 3, we plot the average proportion of false discoveries
in the top-ranked exons for simulations with five samples per group. We see that the alternative methods have
a much higher proportion of false positives in the top-ranked exons compared to WEB-Seq. We see similar
behavior for beta-binomial distributed data (Supplementary Figure S3). This demonstrates that the difference
in the global FDR and power we see in Figure 2 is due to the actual choice of statistic, not merely a problem
in the distributional assumptions for creating p-values.
Filtering In Supplementary Table S1 we compare the proportion of exons that are affected by our adjustment to the degrees of freedom (Section 3.4), for both the simulated and real data. We see that 78% of
the exons are affected by these changes, with 43% having a large reduction of 5 or more. Interestingly, we
see that the real data more closely follows the double binomial simulation in this respect, rather than the
beta-binomial.
A major source of the large levels of false discovery in several of the methods are also boundary exons,
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Figure 3: False Discoveries by Rank. Plotted is the average proportion of false discoveries (y-axis) in the
top x exons (x-axis) for a 5 versus 5 comparison. For each method, the inner 95% range at which the FDR
first becomes positive across the 100 simulations is given by the horizontal lines with the average marked
by an asterisk. The data shown here is simulated under a double binomial distribution (for beta-binomial
distributed data, see Supplementary Figure S3).
where the true proportions are close to 0 or 1. In Supplementary Figure S2, we show similar performance plots
for each of the methods after removing those exons whose mean proportion across all samples is different
from 0 or 1 by less than 0.05. We see that EB2 and quasi-binomial with no shrinkage have much better levels
of FDR when these exons are filtered and are similar to WEB-Seq. However, they have a much reduced
power as a result of the filtering. The beta-binomial method, on the other hand, is not affected by the filtering.

5

Application to Real Data

In order to have a reasonable setting for detecting differential alternative splicing we downloaded RNA-Seq
data from two different tumor types also sequenced by the TCGA: Stomach and Ovarian. For comparisons
between these two sets of tumors, we expect that there should be differences in alternative splicing due to the
simple fact that the tumors originated from two different tissue types, and tissue-specific alternative splicing
is well documented (Pan et al., 2008). The RNA-Seq data was realigned using TopHat v1.4.1 (Trapnell et al.,
2010), and exon inclusion and exclusion counts were calculated for exons annotated by ENSEMBL version
66 (Flicek et al., 2013). See Supplementary Text, Section 3.2 for more details about the processing of the
data.
We create a ‘null’ situation to compare the methods, where the two groups that are compared are both of
the same tissue type. We note that these are tumor samples, so there may be differential alternative splicing
in the different tumors even though they are the same tissue type, but since the two groups of samples are
randomly chosen this is unlikely to be a significant factor. We compare the proportions of exons called
significant in the null setting across methods, though we note that if we believe there are no significant exons
this is not a measure of FDR directly, since any discoveries in an all-null setting would imply that the rate of
false discoveries is 1.
We demonstrate the performance of the double binomial based shrinkage methods in Table 1. We see
that all methods call almost no exons significant. We also see that like in the simulations, WEB-Seq has
less ‘power’, i.e. the least significant calls under the real setting. This shows a possible weakness of the
WEB-Seq method, where in the 2 versus 2 real comparison setting WEB-Seq lacks power and makes 0 calls.
In the simulation we similarly saw that the WEB-Seq method was conservative, holding the FDR lower than
12
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Table 1: Comparison of Double Binomial based Methods. Shown in the table below are the percentage
of exons called significant from the Tissue Data under the null and real scenarios described above for the
methods we developed based on the double binomial distribution. The total number of exons is 412, 002.
The rates are percentages out of only those exons that had at least one skipping event, a number which varies
with sample size but is roughly 1/4 of all exons. See Supplemental Table S2 for both the precise number of
exons called and analyzed.

Sample
Size

WEB-Seq

DEB-Seq

Wt-Likelihood

Real

Null

Real

Null

Real

Null

†

†

†

†

0.12
1.39
3.55
3.18
4.74
5.91

0.00†
0.00†
0.00†
0.00†
0.00†
0.00†

2 vs 2
0.00
0.00
0.00
3 vs 3
0.48
0.00† 1.38
4 vs 4
3.67
0.00† 4.45
5 vs 5
2.94
0.00† 3.92
6 vs 6
5.35
0.00† 6.00
7 vs 7
6.97
0.00† 7.38
†
Percentage is exactly zero.

0.00
0.00†
0.00†
0.00†
0.00†
0.00†

necessary.
We also ran EB2, BBSeq and MATS on the TCGA data sets (Table 2). MATS could only be run in the
null setting, as the stomach and ovarian samples were of different types and the MATS software could not
handle this setting. BBSeq and EB2’s poor control of the FDR in the simulated data appears to be echoed in
the real data. As demonstrated in Table 2, EB2 finds roughly 7% of the exons significant and BBSeq finds 314% significant. For comparison with MATS, we applied WEB-Seq to the inclusion/exclusion count matrices
produced by MATS. In the null setting, MATS appears to have a call rate between 1.8% and 3.9% (646 to
1,557 exons called significant), while WEB-Seq makes at most one call for any given sample size. These
false positive rates do not directly compare with the FDR rates from the simulations, since FDR depends
on the total number found significant. For comparison, if 10% of the exons were found significant and the
method had 100% power, the false positive rate would have to be 0.6% to get an FDR of 5%, and in practice
would need to be even lower since not all of the truly significant exons will be detected. A 3-7% false positive
rate would then mean a minimum FDR of 21-38% and likely much higher. This indicates that the large rates
of FDR shown in our simulation appear to be supported by implementation on the real data.
For the comparison of two different tissue types, we see many more calls made by BBSeq. The EB2
method, despite it’s high false positive rate on the null setting, does not give many more calls than WEBSeq, except in small samples sizes. Given the high false positive rate on the null set and our simulation
results, it is likely that the additional calls of these methods represent a much higher level of false discoveries
than reported. EB2 and quasi-binomial methods are severely impacted by data on the boundary, with a
large proportion of their significant calls coming from boundary exons, particularly in small sample sizes
(Supplementary Table S4); again this corresponds well to the behavior we saw in the simulated results.

5.1 Alternative approach of DEXSeq
We made a further comparison of the performance of our method to another popular method of finding
differential alternative splicing in exons, DEXSeq (Anders et al., 2012). The DEXSeq framework is quite
different than the inclusion/exclusion framework. They assume knowledge of the identification of exons to
genes and fit a linear model per gene to the counts per exon, allowing for an individual exon effect i.e. how
different an exon is from the overall mean gene expression. Then they find alternatively spliced exons by
detecting exons who have different exon effects in the two groups. In fitting this model, they use a negative
binomial model for the exon counts with shrinkage of the dispersion in the same manner as DESeq for gene
expression.
We emphasize that DEXSeq is not just an alternative statistical method for exon counts, but uses signifi-
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Table 2: Comparison to Alternative Methods. Shown in the table below are the percentage of exons called
significant from the Tissue Data under the null and real scenarios described above. DEXSeq was post-filtered
to have the same set of exons as the inclusion/exclusion setting. For all the results shown below, except for
MATS, the total number of starting exons is 412, 002 but the rates are percentages out of only those exons that
had at least one skipping event, a number which varies with sample size but is roughly 1/4 of all exons. The
results from MATS are based on a different set of exon data produced internally by MATS, roughly 35,000
exons; WEB-Seq results are not shown on this set of exons, but WEB-Seq makes at most one significant call
on the MATS set of exons (for sample sizes 3, 5 & 7) and zero for other sample sizes. See Supplemental
Table S3 for the precise number of exons called and the results from the non-shrinkage methods.

Sample
Size

DEXSeq
Real

Null

EB2
Real

2 vs 2
2.62 0.00 3.99
3 vs 3
11.29 0.01 4.47
4 vs 4
20.86 0.00 4.64
5 vs 5
16.56 0.00 4.43
6 vs 6
22.11 0.02 4.79
7 vs 7
26.99 0.01 4.87
†
Percentage is exactly zero.

BBSeq

Null
6.88
7.15
6.68
6.47
6.48
6.18

Real
7.18
9.38
10.72
11.59
11.98
12.44

Null
3.63
8.07
5.60
7.14
14.87
14.27

MATS

WEB-Seq

Null

Real

Null

3.45
1.77
2.45
2.74
3.93
3.39

†

0.00†
0.00†
0.00†
0.00†
0.00†
0.00†

0.00
0.48
3.67
2.94
5.35
6.97

cantly different aspects of the mRNA-Seq data, compared to the inclusion/exclusion setting, and the starting
input data for the two approaches is entirely distinct (all counts overlapping an exon versus counts skipping
versus overlapping). DEXSeq does not make use of the information of junctions skipping the exons, except
in their contribution to reads overlapping an exon. Further, it requires a gene model and would not be applicable in a setting where the gene models are not available, unlike the inclusion/exclusion approach. However,
DEXSeq can in principle find differential usage of exons that do not have inclusion/exclusion data resulting
from their alternative usage, for example exons that are removed upstream from the beginning of transcripts
and/or downstream of the end of transcripts. For these reasons, it is not clear that you can make a reasonable comparison between WEB-Seq and DEXSeq. However, DEXSeq is a popular method for detecting
alternative splicing with just exon counts, so we attempt some basic comparisons.
When we compare our methods to DEXSeq, we note that the paradigm of inclusion/exclusion offers one
possibly significant advantage regardless of the statistical method. In the inclusion/exclusion paradigm, those
exons that show no reads skipping the exon in any sample of any group are naturally excluded (by getting
a p-value of 1 by definition). Because of the difference in exons evaluated between the methods, we first
concentrate on comparing the performance of DEXSeq for just the same set of exons that are used in WEBSeq; namely, we run DEXSeq on all exons, as required by the algorithm, and then filter out those not found to
have any skipping events. For this set of exons the performance of DEXSeq to WEB-Seq in the null setting
is roughly equivalent, while DEXSeq calls many exons significant in the real setting (Table 2).
To get a sense of the value of observing reads that skip an exon, we can compare to the annotation used,
here Ensembl version 66, where some exons are annotated as constitutive (i.e. should not be skipped in any
of the transcripts if the annotation is completely accurate) and others as alternative. Of the constitutive exons
(12.7% of the exons in the data), only 1% (529 exons) show any reads skipping the exon in any of the 30
tissue samples, while 35.0% of those annotated as alternatively spliced show skipping. This strongly suggests
that the implicit removal of exons with no skipping junctions is preferentially removing null exons, which
ultimately can increase the power (Bourgon et al., 2010a). There is no natural way to exclude such exons in
the DEXSeq model since the constitutive exons are actually important in building the gene model, though the
post-analysis filtering we described above could be implemented to eliminate exons that were not skipped.
Clearly this implicit filtering can also be a disadvantage if many alternatively spliced exons are excluded
because of a lack of sufficient reads to detect the skipping event. We view this as less of a practical disadvantage because we find that in practice practitioners are likely to want evidence in the form of junction
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Table 3: Percent of single-exon calls made by DEXSeq, by annotation and skipping event.

% of Total Single-Exon Calls
Sample Size

% of Total Significant Calls

2 vs 2

3 vs 3

5 vs 5

15 vs 15

2 vs 2

3 vs 3

5 vs 5

15 vs 15

Alternatively Spliced 81.75
Non-skipped Constitutive 18.00
Skipped Constitutive
0.25
Total Calls 2,356
†
Percentage is exactly zero.

70.74
29.06
0.19
2,085

67.70
32.12
0.18
1,681

54.26
45.74
0.00†
916

85.89
13.88
0.23
16,229

87.20
12.58
0.22
59,871

87.01
12.79
0.20
87,144

88.11
11.72
0.17
186,570

reads skipping an exon to have faith in calling an exon alternatively spliced. But more generally, because
the inclusion/exclusion paradigm relies heavily on reads that span the junctions of exons, which are a small
percentage of all reads, a criticism of the inclusion/exclusion paradigm is that it relies on a lower number of
reads and could have lower power. It is clear in the real data comparison that DEXSeq makes more significant
calls than WEB-Seq even when limited to the same set of exons. It is difficult to directly evaluate whether
the additional calls made by DEXSeq are on average finding more true discoveries than false ones.
Comparing exon calls to the annotation is one way of roughly assessing the performance for calling
differential exon usage: about 12% of constitutive exons are called significant by DEXSeq (Table 3). This is
roughly their total representation in the data so DEXSeq does not appear to be preferentially finding exons
annotated to be alternatively spliced. However, directly comparing the exons found by DEXSeq with the
annotation has the problem that the method is designed to detect only differential usage as compared to the
average usage of all exons in the gene as opposed to the actual exon that is alternatively spliced; these could
be different, for example, if many of the exons in a gene are alternatively spliced so that relative to the
mean the unusual exon are the few that are not alternatively spliced, a point the authors of DEXSeq make
as well (Anders et al., 2012). Using this logic, we instead compare only exons that are the sole exon called
significant in their gene; when these “single-exon” significance calls are compared to the annotation, even a
larger percentage are annotated as constitutive and furthermore have no reads skipping them in the data for
any of the 30 samples (18%-46%, Table 3). In comparison, in WEB-Seq, 0.2% of the significant exons (or
76 exons) are annotated as constitutive and all of them, by definition, have reads skipping them to at least
justify the call of significance (this calculation is based on all exons WEB-Seq analyzes since it is reasonable
to directly compare all the calls made by WEB-Seq to the annotation, not just “single-exon” calls).
We can also evaluate the data properties of the significant exons to evaluate whether they demonstrate
data characteristics that would lead us to trust the call. In Supplementary Figure S5 we compare the density
of the log-Fold-Change between the groups of the odds-ratio of skipping an exon for the significant calls
made by both methods. WEB-Seq clearly has a much stronger tendency to find exons with large differences
in the skipping proportion, which is not surprising given that that is the basis of its test statistic, unlike
DEXSeq. More striking is that for DEXSeq there are significant peaks at 0, indicating many of the exons
found significant by DEXSeq do not show evidence of differential exon usage in the form of a difference
in the proportion of skipping counts. The constitutive exons, in particular, are completely centered at zero.
This could be because of the lack of identification of the correct exon, explained above; when we examine
the “single-exon” genes which are presumed to target the appropriate exon, these exons show slightly greater
propensity to be removed from zero (Figure S4c).
Ultimately, we find the inclusion/exclusion paradigm, as implemented with our methods, concentrates
the analysis on those exons with tangible evidence of alternative splicing as well as directly highlighting the
specific exons of interest. We suspect this will also be an effective way of preventing a large source of false
discoveries as well as being robust to the behavior of the other exons in the gene.
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5.2 Computation
In an exon usage analysis, the method used needs to potentially be able to handle all exons, a number which
for the human genome can be in the hundreds of thousands. Under the inclusion/exclusion paradigm there are
natural filters that significantly reduce the set of exons under analysis and we have seen ranges between 40K
and 200K exons in this scenario for real RNA-Seq experiments when looking at just protein coding exons.
Because we have exact analytical solutions for our estimators of WEB-Seq, the only numerical optimization
involves the calculation of the estimates of the prior parameters of the gamma distribution. In a 5 versus
5 setting analyzing a total of 106,208 exons WEB-Seq required only 18 seconds on a single core computer
running an AMD Opteron 6272, 2.1 GHz processor. WEB-Seq can be run for any size experiment on a single
core, personal laptop in under a minute.
Many other methods that we compared to require much greater computation time. In the gene-based
model of DEXSeq, such filters are not appropriate and therefore the number of exons being analyzed can
range between 300K and 400K exons. If we artificially set the number of exons to be 106,208 as in WEBSeq, DEXSeq requires 3.7 hours compared to 18 seconds using WEB-Seq. However, these 106,208 exons
are after implementing the inclusion/exclusion filters that are not valid for DEXSeq, which needs all exons
in the gene. Without those filters, the same dataset actually contained 367,675 exons which took DEXSeq 35
hours to complete on a single core (DEXSeq allows the use of multiple cores, but for comparison purposes
we restricted it to a single core). BBSeq is also time intensive requiring 4 hours to complete the analysis; EB2
only requires 2 minutes. With the MATS algorithm, it is difficult to compare computational times directly
since it is only implemented in a format that requires processing of all of the raw sequences to create the
counts, but in the 5 vs 5 example, it took a total of 35 hours, as well as needing approximately 150GB of
available space for intermediate files.

6

Discussion

We have provided a novel method of providing shrinkage estimators for the dispersion parameter of a dispersed exponential family of distributions. We rely on a dispersion model that is closely connected to the
common quasi-likelihood method for providing over-dispersion to a binomial, which are widely used and
numerically robust. By making use of the distributional form of Efron (1986), we have shown that there is a
simple formulation of the approximate conditional distribution of the dispersion parameter and that this form
provides a straightforward empirical bayes method to estimate shrinkage. In effect, we provide a likelihoodbased empirical bayes method for quasi-likelihood estimation of the dispersion parameter. By further relating
this empirical bayes method to weighted likelihood shrinkage methods (Robinson and Smyth, 2007), we give
a non-standard parameterization of the Gamma prior that leads to an alternative estimator in this class of
estimators that demonstrates some areas of improved performance. Further, our distributional form and the
empirical bayes method that results do not require any tuning parameters, unlike the weighted likelihood
methods of edgeR.
We focus on the binomial distribution, but our entire development is completely general and can be
applied to any distribution from the exponential family, though the mean-variance relationship implied by the
quasi-likelihood model might not be the desired one for other distributions, such as the Poisson.
While our shrinkage method is quite general, we have focused on our motiving example, detecting differential usage of exons between conditions in order to detect group-specific alternative splicing. In particular,
our data examples were drawn from mRNA-Seq data, and the simulations were based on parameters estimated from that same data. There are other settings that require the comparison of a large number of
proportions between groups, for example in the setting of comparing allele frequencies, and it is possible that
the performance would differ in those settings due to differences in the properties of the data.
Within the specific setting of detecting differential alternative splicing, there are other approaches of
detection in mRNA-Seq data besides even the two we explored here (exon counts and inclusion/exclusion
counts). Exon inclusion counts may not be the most appropriate for every setting. In particular, there are
many methods for estimating the expression levels of individual isoforms (Denoeud et al., 2008; Jiang and
Wong, 2009; Trapnell et al., 2010; Richard et al., 2010; Salzman et al., 2010), and comparison of the isoform
levels may give more insight into alternative splicing particularly when there is a great deal of information
about the transcriptome that is being sequenced.
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However, in our experience there are still many cases where researchers find themselves without a well
constructed annotation of the transcriptome, and often rely on de-novo methods to construct genes and/or
transcripts (Trapnell et al., 2010; Guttman et al., 2010) in an effort to understand the use of alternative splicing as a means of cell regulation. This is an extremely complicated problem, and these de-novo methods can
be unreliable and unstable if used on a single, small experiment or without significant depth. In contrast, inclusion/exclusion counts rely on detection of exons and splice sites, which are much simpler problems. Such
inclusion/exclusion counts still provide useful, interpretable information about the undergoing of alternative
splicing within the organism and our method gives a reliable technique for the statistical analysis of such
data.
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