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Abstract. Competition-based FDR control has been commonly used for
over a decade in the computational mass spectrometry community [5].
Recently, the approach has gained significant popularity in other fields
after Barber and Candés laid its theoretical foundation in a more gen-
eral setting that included the feature selection problem [1]. In both
cases, the competition is based on a head-to-head comparison between an
observed score and a corresponding decoy/knockoff. We recently demon-
strated some advantages of using multiple rather than a single decoy
when addressing the problem of assigning peptide sequences to observed
mass spectra [17]. In this work, we consider a related problem—detecting
peptides based on a collection of mass spectra—and we develop a new
framework for competition-based FDR control using multiple null scores.
Within this framework, we offer several methods, all of which are based
on a novel procedure that rigorously controls the FDR in the finite sam-
ple setting. Using real data to study the peptide detection problem we
show that, relative to existing single-decoy methods, our approach can
increase the number of discovered peptides by up to 50% at small FDR
thresholds.

Keywords: Multiple hypothesis testing · Peptide detection · Tandem
mass spectrometry · False discovery rate

1 Introduction

Proteins are the primary functional molecules in living cells, and tandem mass
spectrometry (MS/MS) currently provides the most efficient means of studying
proteins in a high-throughput fashion. Knowledge of the protein complement
in a cellular population provides insight into the functional state of the cells.
Thus, MS/MS can be used to functionally characterize cell types, differentiation

Supplementary Material: https://bitbucket.org/noblelab/multi-competition-fdr/.

c© Springer Nature Switzerland AG 2020
R. Schwartz (Ed.): RECOMB 2020, LNBI 12074, pp. 54–71, 2020.
https://doi.org/10.1007/978-3-030-45257-5_4

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-45257-5_4&domain=pdf
http://orcid.org/0000-0001-7283-4715
http://orcid.org/0000-0002-3209-5011
https://bitbucket.org/noblelab/multi-competition-fdr/
https://doi.org/10.1007/978-3-030-45257-5_4


uri.keich@sydney.edu.au

Multiple Competition-Based FDR Control and Its Application 55

stages, disease states, or species-specific differences. For this reason, MS/MS is
the driving technology for much of the rapidly growing field of proteomics.

Paradoxically, MS/MS does not measure proteins directly. Because proteins
themselves are difficult to separate and manipulate biochemically, an MS/MS
experiment involves first digesting proteins into smaller pieces, called “peptides.”
The peptides are then measured directly. A typical MS/MS experiment generates
∼10 observations (“spectra”) per second, so a single 30-min MS/MS experiment
will generate approximately 18,000 spectra. Canonically, each observed spectrum
is generated by a single peptide. Thus, the first goal of the downstream analysis
is to infer which peptide was responsible for generating each observed spectrum.
The resulting set of detected peptides can then be used, in a second analysis
stage, to infer what proteins are present in the sample.

In this work, we are interested in the first problem—peptide detection. This
problem is important not only as a stepping stone toward the downstream goal
of detecting proteins; in many proteomics studies, the peptides themselves are
of primary interest. For example, MS/MS is being increasingly applied to com-
plex samples, ranging from the microbiome in the human gut [21] to microbial
communities in environmental samples such as soil or ocean water [30]. In these
settings, the genome sequences of the species in the community are only par-
tially characterized, so protein inference is problematic. Nonetheless, observa-
tion of a particular peptide can often be used to infer the presence of a group of
closely related species (a taxonomic clade) or closely related proteins (a homology
group). Peptide detection is also of primary interest in studies that aim to detect
so-called “proteoforms”—variants of the same protein that arise due to differ-
ential splicing of the mature RNA or due to post-translational modifications
of the translated protein. Identifying proteoforms can be critically important,
for example, in the study of diseases like Alzheimer’s or Parkinson’s disease, in
which the disease is hypothesized to arise in part due to the presence of deviant
proteoforms [23,28,37].

Specifically, we focus on the task of assigning confidence estimates to pep-
tides that have been identified by MS/MS. As is common in many molecular
biology contexts, these confidence estimates are typically reported in terms of
the false discovery rate (FDR), i.e., the expected value of the proportion of false
discoveries among a set of detected peptides. For reasons that will be explained
below, rather than relying on standard methods for control of the FDR such
as the Benjamini-Hochberg (BH) procedure [2] the proteomics field employs a
strategy known as “target-decoy competition” (TDC) to control the FDR in the
reported list of detected peptides [5]. TDC works by comparing the list of pep-
tides detected with a list of artificial peptides, called “decoys,” detected using
the same spectra set. The decoys are created by reversing or randomly shuffling
the letters of the real (“target”) peptides. The TDC protocol, which is described
in detail in Sect. 2.2, estimates the FDR by counting the number of detected
decoy peptides and using this count as an estimate for the number of incorrectly
detected target peptides.
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One clear deficiency of TDC is its reliance on a single set of decoy peptides
to estimate the FDR. Thus, with ever increasing computational resources one
can ask whether we can gain something by exploiting multiple randomly drawn
decoys for each target peptide. We recently described such a procedure, called
“average target-decoy competition” (aTDC), that, in the context of the related
spectrum identification problem (described in Sect. 2.1), reduces the variability
associated with TDC and can provide a modest boost in power [17,18].

In this paper we propose a new approach to using multiple decoy scores. The
proposed procedure relies on a direct competition between the target and its
corresponding decoy scores, rather than on averaging single competitions. We
formulate our approach in the following more general setting. Suppose that we
can compute a test statistic Zi for each null hypothesis Hi, so that the larger
Zi is, the less likely is the null. However, departing from the standard multiple
hypotheses setup, we further assume that we cannot compute p-values for the
observed scores. Instead, we can only generate a small sample of independent
decoys or competing null scores for each hypothesis Hi: Z̃j

i j = 1, . . . , d (Defini-
tion 2). Note that the case d = 1 corresponds to the TDC setup described above.
We will show using both simulated and real data that the novel method we pro-
pose yields more power (more discoveries) than our aforementioned averaging
procedure.

In addition to the peptide detection problem, our proposed procedure is
applicable in several other bioinformatics applications. For example, the proce-
dure could be used when analyzing a large number of motifs reported by a motif
finder, e.g., [12], where creating competing null scores can require the time con-
suming task of running the finder on randomized versions of the input sets, e.g.,
[25]. In addition, our procedure is applicable to controlling the FDR in selecting
differentially expressed genes in microarray experiments where a small number
of permutations is used to generate competing null scores [36].

Our proposed method can also be viewed as a generalization of Barber and
Candés’ “knockoff” procedure [1], which is a competition-based FDR control
method that was initially developed for feature selection in a classical linear
regression model. The procedure has gained a lot of interest in the statistical and
machine learning communities, where it has been applied to various applications
in biomedical research [10,29,38] and has been extended to work in conjunction
with deep neural networks [22] and with time series data [9]. Despite the different
terminology, both knockoffs and decoys serve the same purpose in competition-
based FDR control; hence, for the ideas presented in this paper the two are
interchangeable. A significant part of Barber and Candés’ work is the sophis-
ticated construction of their knockoff scores; controlling the FDR then follows
exactly the same competition that TDC uses. Indeed, their Selective SeqStep+
(SSS+) procedure rigorously formalizes in a much more general setting the same
procedure described above in the context of TDC. Note that Barber and Candés
suggested that using multiple knockoffs could improve the power of their proce-
dure so the methods we propose here could provide a stepping stone toward that.
However, we would still need to figure out how to generalize their construction
from one to multiple knockoffs.
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2 Background

2.1 Shotgun Proteomics and Spectrum Identification

In a “shotgun proteomics” MS/MS experiment, proteins in a complex biological
sample are extracted and digested into peptides, each with an associated charge.
These charged peptides, called “precursors,” are measured by the mass spec-
trometer, and a subset is then selected for further fragmentation into charged
ions, which are detected and recorded by a second round of mass spectrometry
[26,27]. The recorded tandem fragmentation spectra, or spectra for short, are
then subjected to computational analysis.

This analysis typically begins with the spectrum identification problem,
which involves inferring which peptide was responsible for generating each
observed fragmentation spectrum. The most common solution to this problem is
peptide database search. Pioneered by SEQUEST [8], the search engine extracts
from the peptide database all “candidate peptides,” defined by having their mass
lie within a pre-specified tolerance of the measured precursor mass. The quality
of the match between each one of these candidate peptides and the observed frag-
mentation spectrum is then evaluated using a score function. Finally, the optimal
peptide-spectrum match (PSM) for the given spectrum is reported, along with
its score [24].

In practice, many expected fragment ions will fail to be observed for any given
spectrum, and the spectrum is also likely to contain a variety of additional,
unexplained peaks [26]. Hence, sometimes the reported PSM is correct—the
peptide assigned to the spectrum was present in the mass spectrometer when
the spectrum was generated—and sometimes the PSM is incorrect. Therefore, we
report a thresholded list of top-scoring PSMs, together with the critical estimate
of the fraction of incorrect PSMs in our reported list.

2.2 False Discovery Rate Control in Spectrum Identification

The general problem of controlling the proportion of false discoveries has been
studied extensively in the context of multiple hypotheses testing (MHT). We
briefly review this setup in Supplementary Sect. 6.1; however, these techniques
cannot be applied directly to the spectrum identification problem. A major rea-
son for that is the presence in any shotgun proteomics dataset of both “native
spectra” (those for which their generating peptide is in the target database) and
“foreign spectra” (those for which it is not). These create different types of false
positives, implying that we typically cannot apply FDR controlling procedures
that were designed for the general MHT context to the spectrum identification
problem [16].

Instead, the mass spectrometry community uses TDC to control the FDR in
the reported list of PSMs [3,5,6,15]. TDC works by comparing searches against a
target peptide database with searches against a decoy database of peptides. More
precisely, let Zi be the score of the optimal match (PSM) to the ith spectrum
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in the target database, and let Z̃i be the corresponding optimal match in the
decoy database. Each decoy score Z̃i directly competes with its corresponding
target score Zi for determining the reported list of discoveries. Specifically, for
each score threshold T we only report target PSMs that won their competition:
Zi > max{T, Z̃i}. Subsequently, the number of decoy wins (Z̃i > max{T,Zi}) is
used to estimate the number of false discoveries in the list of target wins. Thus,
the ratio between that estimate and the number of target wins yields an estimate
of the FDR among the target wins. To control the FDR at level α we choose
the smallest threshold T = T (α) for which the estimated FDR is still ≤ α.
It was recently shown that, assuming that incorrect PSMs are independently
equally likely to come from a target or a decoy match and provided we add 1
to the number of decoy wins before dividing by the number of target wins, this
procedure rigorously controls the FDR [13,20].

2.3 The Peptide Detection Problem

The spectrum identification is largely used as the first step in addressing the pep-
tide identification problem that motivates the research presented here. Indeed,
to identify the peptides we begin, just like we do in spectrum identification, by
assigning each spectrum to the unique target/decoy peptide which offers the
best match to this spectrum in the corresponding database. We then assign to
each target peptide a score Zj which is the maximum of all PSM scores of spec-
tra that were assigned to this peptide in the first phase. Similarly, we assign
to the corresponding decoy peptide a score Z̃j , which again is the maximum of
all PSM scores involving spectra that were assigned to that decoy peptide. The
rest continues using the same TDC protocol we outlined above for the spectrum
identification problem [11,31].

3 Controlling the FDR Using Multiple Decoys

3.1 Why Do We Need a New Approach?

A key feature of our problem is that due to computational costs the number
of decoys, d, is small. Indeed, if we are able to generate a large number of
independent decoys for each hypothesis, then we can simply apply the standard
FDR controlling procedures (Supplementary Sect. 6.1) to the empirical p-values.
These p-values are estimated from the empirical null distributions, which are
constructed for each hypothesis Hi using its corresponding decoys. Specifically,
these empirical p-values take values of the form (d1−ri+1)/d1, where d1 = d+1,
and ri ∈ {1, . . . , d1} is the rank of the originally observed score (“original score”
for short) Zi in the combined list of d1 scores:

(
Z̃0
i = Zi, Z̃1

i , . . . , Z̃
d
i

)
(ri = 1 is

the lowest rank). Using these p-values the BH procedure [2] rigorously controls
the FDR, and Storey’s method [32] will asymptotically control the FDR as the
number of hypotheses m → ∞.
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Unfortunately, because d is small, applying those standard FDR control pro-
cedures to the rather coarse empirical p-values may yield very low power. For
example, if d = 1, each empirical p-value is either 1/2 or 1, and therefore for
many practical examples both methods will not be able to make any discoveries
at usable FDR thresholds.

Alternatively, one might consider pooling all the decoys regardless of which
hypothesis generated them. The pooled empirical p-values attain values of the
form i/ (m · d+ 1) for i = 1, . . . ,md + 1; hence, particularly when m is large,
the p-values generally no longer suffer from being too coarse. However, other
significant problems arise when pooling the decoys. These issues — discussed
in Supplementary Sect. 6.2 — imply that in general, applying BH or Storey’s
procedure to p-values that are estimated by pooling the competing null scores
can be problematic both in terms of power and control of the FDR.

3.2 A Novel Meta-procedure for FDR Control Using Multiple
Decoys

The main technical contribution of this paper is the introduction of several
procedures that effectively control the FDR in our multiple competition-based
setup and that rely on the following meta-procedure.
Input: an original/target score Zi and d competing null scores Z̃j

i for each null
hypothesis Hi.
Parameters: an FDR threshold α ∈ (0, 1), two tuning parameters c = ic/d1
(d1 = d+1), the “original/target win” threshold, and λ = iλ/d1, the “decoy win”
threshold where iλ, ic ∈ {1, . . . , d} and c ≤ λ, as well as a (possibly randomized)
mapping function ϕ : {1, . . . , d1 − iλ} '→ {d1 − ic + 1, . . . , d1}.
Procedure:

1. Each hypothesis Hi is assigned an original/decoy win label:

Li =






1 ri ≥ d1 − ic + 1 (original win)
0 ri ∈ (d1 − iλ, d1 − ic + 1) (ignored hypothesis)
−1 ri ≤ d1 − iλ (decoy win)

, (1)

where ri ∈ {1, . . . , d1} is the rank of the original score when added to the list
of its d decoy scores.

2. Each hypothesis Hi is assigned a score Wi = Z̃(si)
i , where Z̃(j)

i is the jth
order statistic or the jth largest score among

(
Z̃0
i = Zi, Z̃1

i , . . . , Z̃
d
i

)
, and the

“selected rank”, si, is defined as

si =






ri Li = 1 (so Wi = Zi in an original win)

ui Li = 0 (where ui is randomly chosen uniformly in {d1 − ic + 1, . . . , d1})
ϕ(ri) Li = −1 (so Wi coincides with a decoy score in a decoy win)

(2)
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3. The hypotheses are reordered so that Wi are decreasing, and the list
of discoveries is defined as the subset of original wins D(α, c,λ) :=
{i : i ≤ iαcλ, Li = 1}, where

iαcλ := max
{
i :

1 + # {j ≤ i : Lj = −1}
# {j ≤ i : Lj = 1} ∨ 1

· c

1 − λ
≤ α

}
. (3)

We assume above that all ties in determining the ranks ri, as well as the order of
Wi, are broken randomly, although other ways to handle ties are possible (e.g.,
Sect. 8.3 in our technical report [7]).

Note that the hypotheses for which Li = 0 can effectively be ignored as they
cannot be considered discoveries nor do they factor in the numerator of (3).

Our procedures vary in how they define the (generally randomized) mapping
function ϕ (and hence si in (2)), as well as in how they set the tuning parameters
c,λ. For example, in the case d = 1 setting c = λ = 1/2 and ϕ(1) := 2 our meta-
procedure coincides with TDC. For d > 1 we have increasing flexibility with
d, but one obvious generalization of TDC is to set c = λ = 1/d1. In this case
Li = 1 if the original score is larger than all its competing decoys and otherwise
Li = −1. Thus, by definition, ϕ is constrained to the constant value d1 so si ≡ d1
and Wi is always set to Z(d1)

i = max
{
Z̃0
i , . . . , Z̃

d
i

}
. Hence we refer to this as the

“max method.” As we will see, the max method controls the FDR, but this does
not hold for any choice of c,λ and ϕ. The following section specifies a sufficient
condition on c,λ and ϕ that guarantees FDR control.

3.3 Null Labels Conditional Probabilities Property

Definition 1. Let N be the indices of all true null hypotheses. We say the null
labels conditional probabilities property (NLCP) is satisfied if conditional on all
the scores W = (W1, . . .Wm) the random labels {Li : i ∈ N} are (i) independent
and identically distributed (iid) with P (Li = 1 | W) = c and P (Li = −1 | W) =
1 − λ, and (ii) independent of the false null labels {Li : i /∈ N}.

Note that in claiming that TDC controls the FDR we implicitly assume that a
false match is equally likely to arise from a target win as it is from a decoy win
independently of all other scores [13]. This property coincides with the NLCP
with d = 1 and c = λ = 1/2. Our next theorem shows that the NLCP generally
guarantees the FDR control of our meta-procedure. Specifically, we argue that
with NLCP established step 3 of our meta-procedure can be viewed as a special
case of Barber and Candés’ SSS+ procedure [1] and its extension by Lei and
Fithian’s Adaptive SeqStep (AS) [19]. Both procedures are designed for sequen-
tial hypothesis testing where the order of the hypotheses is pre-determined – by
the scores Wi in our case.

Theorem 1. If the NLCP holds then our meta-procedure controls the FDR in
a finite-sample setting, that is, E (|D(α, c,λ) ∩ N |/|D(α, c,λ)|) ≤ α, where the
expectation is taken with respect to all the decoy draws.
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Why does Theorem 1 make sense? If the NLCP holds then a true null Hi is
an original win (Li = 1) with probability c and is a decoy win with probability
1−λ. Hence, the factor c

1−λ that appears in (3) adjusts the observed number of
decoy wins, # {j ≤ i : Lj = −1}, to estimate the number of (unobserved) false
original wins (those for which the corresponding Hi is a true null). Ignoring the
+1 correction, the adjusted ratio of (3) therefore estimates the FDR in the list
of the first i original wins. The procedure simply takes the largest such list for
which the estimated FDR is ≤ α.

Proof. To see the connection with SSS+ and AS we assign each hypothesis Hi

a p-value pi := P (Li ≥ l). Clearly, if the NLCP holds then

pi =






c l = 1
λ l = 0
1 l = −1

. (4)

Moreover, the NLCP further implies that for any u ∈ (0, 1) and i ∈ N ,
P (pi ≤ u | W) ≤ u, and that the true null labels Li, and hence the true null
p-values, pi, are independent conditionally on W. It follows that, even after sort-
ing the hypotheses by the decreasing order of the scores Wi, the p-values of the
true null hypotheses are still iid valid p-values that are independent from the
false nulls. Hence our result follows from Theorem 3 (SSS+) of [1] for c = λ, and
more generally for c ≤ λ from Theorem 1 (AS) of [19] (with s = c).

Remark 1. With the risk of stating the obvious we note that one cannot simply
apply SSS+ or AS by selectingWi = Zi for all i with the corresponding empirical
p-values (d1 − ri + 1)/d1. Indeed, in this case the order of the hypotheses (by
Wi) is not independent of the true null p-values.

3.4 When Does the NLCP Hold for Our Meta-procedure?

To further analyze the NLCP we make the following assumption on our decoys.

Definition 2 (formalizing the multiple-decoy problem). If the d1 (orig-
inal and decoy) scores corresponding to each true null hypothesis are iid inde-
pendently of all other scores then we say we have “iid decoys”.

It is clear that if we have iid decoys then for each fixed i ∈ N the rank ri is
uniformly distributed on 1, . . . , d1, and hence P (Li = 1) = c and P (Li = −1) =
1 − λ. However, to determine whether or not ri is still uniformly distributed
when conditioning on W we need to look at the mapping function ϕ as well.

More specifically, in the iid decoys case the conditional distribution of {Li :
i ∈ N} given W clearly factors into the product of the conditional distribution of
each true null Li given Wi: a true null’s Li is independent of all {Lj ,Wj : j ,= i}.
Thus, it suffices to show that Li is independent of Wi for each i ∈ N . Moreover,
because Wi is determined in terms of si and the set of scores

{
Z̃0
i , . . . , Z̃

d
i

}
,

and because a true null’s label Li and si are independent of the last set (a set
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is unordered), it suffices to show that Li is independent of si. Of course, si is
determined by ϕ as specified in (2).

For example, consider the max method where si ≡ d1 (equivalently ϕ ≡ d1):
in this case, Li is trivially independent of si and hence by the above discussion
the method controls the FDR. In contrast, assuming d1 is even and choosing
ϕ ≡ d1 with c = λ = 1/2 we see that the scores {Wi : i ∈ N,Li = −1} will
generally be larger than the corresponding {Wi : i ∈ N,Li = 1}. Indeed, when
Li = −1 we always choose the maximal score Wi = Z(d1)

i , whereas Wi is one of
the top half scores when Li = 1. Hence, P (Li = −1 | higher Wi) > 1/2.

So how can we guarantee that the NLCP holds for pre-determined values of
c = ic/d1 and λ = iλ/d1? The next theorem provides a sufficient condition on ϕ
(equivalently on si) to ensure the property holds.

Theorem 2. If the iid decoys assumption holds, and if for any i ∈ N and
j ∈ {d1 − ic + 1, . . . , d1}

P (si = j, ri ≤ d1 − iλ) = P (si = j, Li = −1) =
d1 − iλ
d1 · ic

, (5)

then the NLCP holds and hence our meta-procedure with those values of c,λ and
ϕ controls the FDR.

Proof. By (5), for any i ∈ N and j ∈ {d1 − ic + 1, . . . , d1},

P (Li = 1 | si = j) =
P (si = j, Li = 1)

∑
l∈{−1,0,1} P (si = j, Li = l)

=
1/d1

(d1 − iλ)/(d1 · ic) + (iλ − ic) /d1 · 1/ic + 1/d1
=

ic
d1

= c,

P (Li = −1 | si = j) =
(d1 − iλ) / (d1 · ic)

(d1 − iλ)/(di · ic) + (iλ − ic) /d1 · 1/ic + 1/d1
=

d1 − iλ
d1

= 1 − λ.

At the same time P (Li = 1 | si = j) = 1 for j ∈ {1, . . . , ic} always holds;
therefore, Li is independent of si and by the above discussion the NLCP holds.
Theorem 1 completes the proof.

For any fixed values of c,λ we can readily define a randomized ϕ = ϕu
so that the NLCP holds: randomly and uniformly map {1, . . . , d1 − iλ} onto
{d1 − ic + 1, . . . , d1}. Indeed, in this case (5) holds:

P (si = j, si "= ri) = P (ri ∈ {1, . . . , d1 − iλ}) ·P (si = j | ri ∈ {1, . . . , d1 − iλ}) =
d1 − iλ

d1
·
1

ic
.

(6)

3.5 Mirroring and Mirandom

Using the above randomized uniform map ϕu we have a way to define an FDR-
controlling variant of our meta-procedure for any pre-determined c,λ. However,
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we can design more powerful procedures using alternative definitions of ϕ (for
the same values of c,λ).

For example, with c = λ = 1/2 and an even d1 we can consider, in addition to
ϕu, the mirror map: ϕm(j) := d1−j+1. It is easy to see that under the conditions
of Theorem 2, P (si = j, ri ≤ d1 − iλ) = 1/d1 hence (5) holds and the resulting
method, which we refer to as the “mirror method” (because when Li = −1, si
is the rank symmetrically across the median to ri), controls the FDR. Similarly,
we can choose to use a shift map ϕs: ϕs(j) = j + d1/2, which will result in a
third FDR-controlling variant of our meta-procedure for c = λ = 1/2.

Comparing the shift and the mirror maps we note that when Li = −1, ϕs

replaces middling target scores with high decoy scores, whereas ϕm replaces low
target scores with high decoy scores. Of course, the high decoy scores are the
ones more likely to appear in the numerator of (3), and generally we expect
the density of the target scores to monotonically decrease with the quality of the
score. Taken together, it follows that the estimated FDR will generally be higher
when using ϕs than when using ϕm, and hence the variant that uses ϕs will be
weaker than the mirror. By extension the randomized ϕu will fall somewhere
between the other two maps, as can be partly verified by the comparison of the
power using ϕm and ϕu in panel A of Supplementary Fig. 1.

We can readily extend the mirroring principle to other values of c and λ
where ic divides d1 − iλ, however when ic ! d1 − iλ we need to introduce some
randomization into the map. Basically, we accomplish this by respecting the
mirror principle as much as we can while using the randomization to ensure
that (5) holds—hence the name mirandom for this map/procedure. It is best
described by an example.

Suppose d = 7. Then for ic = 3 (c = 3/8) and iλ = 4 (λ = 1/2) the mirandom
map, ϕmd, is defined as

ϕmd(j) =






8 j = 1
8 (with probability 1/3), or 7 (with probability 2/3) j = 2
7 (with probability 2/3), or 6 (with probability 1/3) j = 3
6 j = 4

Note the uniform coverage (4/3) of each value in the range, implying that if
j is randomly and uniformly chosen in the domain then ϕmd(j) is uniformly
distributed over {6, 7, 8}.

More generally the mirandom map ϕmd for a given c ≤ λ is defined in two
steps. In the first step it defines a sequence of d1−iλ distributions F1, . . . , Fd1−iλ

on the range {d1 − ic + 1, . . . , d1} so that

– each Fl is defined on a contiguous sequence of natural numbers, and
– if j < l then Fj stochastically dominates Fl and min support {Fj} ≥

max support {Fl}.

In practice, it is straightforward to construct this sequence of distributions and
to see that, when combined, they necessarily satisfy the following equal coverage
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property: for each j ∈ {d1 − ic + 1, . . . , d1},
∑d1−iλ

l=1 Fl (j) = d1−iλ
ic

. In the second
step, mirandom defines si for any i with ri ∈ {1, . . . , d1 − ic} by randomly
drawing a number from Fri (independently of everything else).

It follows from the equal coverage property that for any i ∈ N and j ∈
{d1 − ic + 1, . . . , d1} (5) holds for ϕmd for essentially the same reason it held
for ϕu in (6). Hence, the mirandom map allows us to controls the FDR for any
pre-determined values of c,λ.

3.6 Data-Driven Setting of the Tuning Parameters c,λ

All the procedures we consider henceforth are based on the mirandom map.
Where they differ is in how they set c,λ. For example, choosing c = λ = 1/2 gives
us the mirror (assuming d1 is even), c = λ = 1/d1 yields the max, while choosing
λ = 1/2 and c = α ≤ 1/2 coincides with Lei and Fithian’s recommendation
in the related context of sequential hypothesis testing (technically we set c =
-α · d1./d1 and refer to this method as “LF”). All of these seem plausible;
however, our extensive simulations (Supplementary Sect. 6.3) show that none
dominates the others with substantial power to be gained/lost for any particular
problem (Supplementary Fig. 1, panels B-D). As the optimal values of c,λ seem
to vary in a non-trivial way with the nature of the data, as well as with d and
α, we turned to data-driven approaches to setting c,λ.

Lei and Fithian pointed out the connection between the (c,λ) (they refer
to c as s) parameters of their AS procedure and the corresponding parameters
in Storey’s procedure. Specifically, AS’s λ is analogous to the parameter λ of
[33] that determines the interval (λ, 1] from which π0, the fraction of true null
hypotheses, is estimated, and AS’s c is Storey’s rejection threshold (Supplemen-
tary Sect. 6.4).

We take this analogy one step further and essentially use the procedure of
[33] to determine c by applying it to the empirical p-values, p̃i := (d1−ri+1)/d1.
However, to do that, we first need to determine λ.

We could have determined λ by applying the bootstrap approach of [33]
to p̃i. However, in practice we found that using the bootstrap option of the
qvalue package [35] in our setup can significantly compromise our FDR control.
Therefore, instead we devised an alternative approach inspired by the spline-
based method of [34] for estimating π0, where we look for the flattening of the
tail of the p-value histogram as we approach 1. Because our p-values, p̃i, lie on
the lattice i/d1 for i = 1, . . . , d1, instead of threading a spline as in [34], we
repeatedly test whether the number of p-values in the first half of the considered
tail interval (λ, 1] is significantly larger than their number in the second half of
this interval (Supplementary Sect. 6.5).

Our finite-decoy Storey (FDS) procedure starts with determining λ as above
then essentially applies the methodology of [33] to p̃i to set c = tα before apply-
ing mirandom with the chosen c,λ (Supplementary Sect. 6.6). We defined FDS
as close as possible to Storey, Taylor and Siegmund’s recommended procedure
for guaranteed FDR control in the finite setting [33]. Indeed, as we argue in
Supplementary Sect. 6.7, FDS converges to a variant of Storey’s procedure once
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we let d −→ ∞ (the mirror and mirandom maps in general have an interesting
limit in that setup). However, we found that a variant of FDS that we denote as
FDS1 (Supplementary Sect. 6.6), often yields better power in our setting, so we
considered both variants.

FDS and FDS1 peek at the data to set c,λ hence they no longer fall under
mirandom’s guaranteed FDR control. Still, our extensive simulations show they
essentially control the FDR: their empirical violations of FDR control are roughly
in line with that of the max method, which provably controls the FDR (Sup-
plementary Fig. 2). Importantly, FDS1 seems to deliver overall more power than
the mirror, max, LF, FDS and TDC, and often substantially more (Supplemen-
tary Fig. 3). We note, however, that at times FDS1 has 10–20% less power than
the optimal method, and we observe similar issues with the examples mentioned
in Supplementary Sect. 6.2 where BH has no power (Supplementary Sect. 6.10).
These issues motivate our next procedure.

3.7 A Bootstrap Procedure for Selecting an Optimal Method

Our final, and ultimately our recommended multi-decoy procedure, uses a novel
resampling approach to choose the optimal procedure among several of the above
candidates. Our optimization strategy is indirect: rather than using the resam-
ples to choose the method that maximizes the number of discoveries, we use the
resamples to advise us whether or not such a direct maximization approach is
likely to control the FDR.

Clearly, a direct maximization would have been ideal had we been able to
sample more instances of the data. In reality, that is rarely possible all the more
so with our underlying assumption that the decoys are given and that it is for-
biddingly expensive to generate additional ones. Hence, when a hypothesis is
resampled it comes with its original, as well as its decoy scores, thus further
limiting the variability of our resamples. In particular, direct maximization will
occasionally fail to control the FDR. Our Labeled Bootstrap monitored Maxi-
mization (LBM) procedure tries to identify those cases.

In order to gauge the rate of false discoveries we need labeled samples. To
this end, we propose a segmented resampling procedure that makes informed
guesses (described below) about which of the hypotheses are false nulls before

resampling the indices. The scores
{
Z̃j
i

}d

j=0
associated with each resampled

conjectured true null index are then randomly permuted, which effectively boils
down to randomly sampling j ∈ {0, 1, . . . , d} and swapping the corresponding
original score Z̃0

i = Zi with Z̃j
i .

The effectiveness of our resampling scheme hinges on how informed are our
guesses of the false nulls. To try and increase the overlap between our guesses
and the true false nulls we introduced two modifications to the naive approach of
estimating the number of false nulls in our sample and then uniformly drawing
that many conjectured false nulls. First, we consider increasing sets of hypotheses
Hj ⊂ Hj+1 and verify that the number of conjectured false nulls we draw from
each Hj agrees with our estimate of the number of false nulls in Hj . Second,
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rather than being uniform, our draws within each set Hj are weighted according
to the empirical p-values so that hypotheses with more significant empirical p-
values are more likely to be drawn as conjectured false nulls. Our segmented
resampling procedure is described in detail in Supplementary Sect. 6.8.

In summary, LBM relies on the labeled resamples of our segmented resam-
pling approach to estimate whether we are likely to control the FDR when using
direct maximization (we chose FDS, mirror, and FDS1 as the candidate meth-
ods). If so, then LBM uses the maximizing method; otherwise, LBM chooses a
pre-determined fall-back method (here we consistently use FDS1, see Supple-
mentary Sect. 6.9 for details).

Our simulations suggest that LBM’s control of the FDR is on-par with that
of the, provably FDR-controlling, max: the overall maximal observed violation is
5.0% for LBM while it is 6.7% for max, and the number of curves (out of 1200)
in which the maximal violation exceeds 2% is 21 for LBM, and 24 for the max
(panels A and D, Supplementary Fig. 2). Power-wise LBM arguably offers the
best balance among our proposed procedures, offering substantially more power
in many of the experiments while never giving up too much power when it is not
optimal (Supplementary Fig. 4). Finally, going back to the examples where BH
and Storey’s procedure applied to the empirical p-values fail we find that all our
methods, including LBM, essentially control the FDR where Storey’s procedure
substantially failed to do so, and similarly that LBM delivers substantial power
where BH had none (Supplementary Sect. 6.10).

4 The Peptide Detection Problem

Our peptide detection procedure starts with a generalization of the WOTE pro-
cedure of [11]. We use Tide [4] to find for each spectrum its best matching peptide
in the target database as well as in the d decoy peptide databases. We then assign
to the ith target peptide the observed score, Zi, which is the maximum of all the
PSM scores that were optimally matched to this peptide. We similarly define
the maximal scores of each of that peptide’s d randomly shuffled copies as the
corresponding decoy scores: Z̃1

i , . . . , Z̃
d
i . If no spectrum was optimally matched

to a peptide then that peptide’s score is −∞.
We then applied to the above scores TDC (d = 1, with the +1 finite sample

correction)—representing a peptide-level analogue of the picked target-decoy
strategy of [31]—as well as the mirror, LBM and the averaging-based aTDC1

each using d ∈ {3, 5, 7, 9}. Note that to ameliorate the effect of decoy-induced
variability on our comparative analysis we report the average of our analysis
over 100 applications of each method using that many randomly drawn decoy
sets (Supplementary Sect. 6.11).

We used three datasets in our analysis: “human”, “yeast” and “ISB18” (Sup-
plementary Sect. 6.11). Panel D of Supplementary Fig. 5 suggests that when

1 We used the version named aTDC+
1 , which was empirically shown to control the

FDR even for small thresholds/datasets [18].
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applied to the ISB18 dataset all our procedures seem to control the FDR:2 the
empirically estimated FDR is always below the selected threshold. In terms of
power, again we see that LBM is the overall winner: it typically delivers the
largest number of discoveries, and even in the couple of cases where it fails to do
so it is only marginally behind the top method (panels A–C). In contrast, each of
the other methods has some cases where it delivers noticeably fewer discoveries.

More specifically, for α = 0.01 LBM’s average of 142.0 ISB18 discoveries (d =
3) represents an 8.0% increase over TDC’s average of 131.5 ISB18 discoveries,
and we see a 9.4% increase over TDC when using d = 5 (143.3 discoveries). In
the human dataset and for the same α = 0.01 we see a 2.8% increase in power
going from TDC to LBM with d = 3 (532.4 vs. 547.1 discoveries), and a 4.2%
increase when using LBM with d = 5 (555.0 discoveries). LBM offers the biggest
gains in the yeast dataset where we see (again α = 0.01) a 45.5% increase in
power going from TDC to LBM with d = 3 (76.3 vs. 111.0 discoveries), and a
46.7% increase when using LBM with d = 5 (111.9 discoveries). Moreover, we
note that for this α = 0.01 TDC reported 0 yeast discoveries in 33 of the 100
runs (each using a different decoy database), whereas LBM reported a positive
number of discoveries in all 100 runs for each d > 1 we considered.

At the higher FDR thresholds of 0.05 and 0.1 LBM offers a much smaller
power advantage over TDC and is marginally behind for α = 0.1 and d = 3
in the human and yeast datasets. Also, consistent with our simulations, we find
that the mirror lags behind LBM, and in fact in these real datasets it is roughly
on par with TDC.

Finally, although aTDC was designed for the spectrum identification prob-
lem and in practice was never applied to the peptide detection problem, it
was instructive to add aTDC to this comparison. LBM consistently delivered
more detected peptides than aTDC did, although in some cases the difference
is marginal. Still, in the human dataset for α = 0.01 with d = 3 we see a 4.4%
increase in power going from aTDC to LBM (524.2 vs. 547.1 discoveries), and
with d = 5 a 4.6% increase when using LBM (530.8 vs. 555.0 discoveries). Sim-
ilarly, in the ISB18 dataset for α = 0.01 with d = 3 we see a 7.3% increase in
power going from aTDC to LBM (132.3 vs. 142.0 discoveries), and with d = 5 a
6.4% increase when using LBM (134.7 vs. 143.3 discoveries).

In Supplementary Sect. 6.12 we discuss a further analysis where we added two
more spectra runs to the yeast dataset representing a higher budget experiment.
In this case at 1% FDR the average number of TDC discoveries was 275.9 and
for LBM using d = 5 decoys it was 294. Subsequent Gene Ontology enrichment
test of the 54 proteins imputed from the peptide discovered by LBM yielded two
overrepresented biological process terms that were not present in the 50 proteins
imputed from TDC. The two missing terms—“cellular protein localization” and
“cellular macromolecule localization”—are closely related and imply that the
sample under investigation is enriched for proteins responsible in shuttling or
maintaining other proteins in their proper cellular compartments. Critically, an

2 Being a controlled experiment, the ISB18 dataset allows us to empirically gauge the
FDR.
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analysis based solely on the traditional TDC approach would entirely miss this
property of the sample being analyzed.

5 Discussion

We consider a new perspective on the peptide detection problem which can be
framed more broadly as multiple-competition based FDR control. The problem
we pose and the tools we offer can be viewed as bridging the gap between the
canonical FDR controlling procedures of BH and Storey and the single-decoy
approach of the popular TDC used in spectrum identification (ID). Indeed, our
proposed FDS converges to Storey’s method as the number of decoys d −→ ∞
(Supplementary Sect. 6.7).

The methods we propose here rely on our novel mirandom procedure, which
guarantees FDR control in the finite sample case for any pre-determined values
of the tuning parameters c,λ. Our extensive simulations show that which of our
methods delivers the maximal power varies with the properties of the experiment,
as well as with the FDR threshold α. This variation motivates our introduction
of LBM. LBM relies on a novel labeled resampling technique, which allows it to
select its preferred method after testing whether a direct maximization approach
seems to control the FDR. Our simulations, as well as our analysis of peptide
detection using real datasets, suggest that LBM largely controls the FDR and
seems to offer the best balance among our multi-decoy methods as well as a
significant power advantage over the single-decoy TDC.

Finally, as mentioned, our approach is applicable beyond peptide detec-
tion. Moreover, while we stated our results assuming iid decoys, the results
hold in a more general setting of “conditional null exchangeability” (Supple-
mentary Sect. 6.13). This exchangeability is particularly relevant for future work
on generalizing the construction of [1] to multiple knockoffs, where the iid decoys
assumption is unlikely to hold.

Related work.We recently developed aTDC in the context of spectrum ID. The
goal of aTDC was to reduce the decoy-induced variability associated with TDC
by averaging a number of single-decoy competitions [17,18]. As such, aTDC
fundamentally differs from the methods of this paper which simultaneously
use all the decoys in a single competition; hence, the methods proposed here
can deliver a significant power advantage over aTDC (panel F, Supplementary
Fig. 4 and Supplementary Fig. 5). Our new methods are designed for the iid (or
exchangeable) decoys case, which is a reasonable assumption for the peptide
detection problem studied here but does not hold for the spectrum ID for which
aTDC was devised. Indeed, as pointed out in [16], due to the different nature of
native/foreign false discoveries, the spectrum ID problem fundamentally differs
from the setup of this paper and even the above, weaker, null exchangeability
property does not hold in this case. Thus, LBM cannot replace aTDC entirely;
indeed, LBM is too liberal in the context of the spectrum ID problem. Note
that in practice aTDC has not previously been applied to the peptide detection
problem.
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While working on this manuscript we became aware of a related Arxiv sub-
mission [14]. The initial version of that paper had just the mirror method, which
as we show is quite limited in power. A later version that essentially showed up
simultaneously with the submission of our technical report [7] extended their
approach to a more general case; however, the method still consists of a subset
of our independently developed research in that: (a) they do not consider the λ
tuning parameter, (b) they use the uniform random map ϕu which, as we show,
is inferior to mirandom, and (c) they do not offer either a general deterministic
(FDS) or bootstrap based (LBM) data-driven selection of the tuning parame-
ter(s), relying instead on a method that works only in the limited case-control
scenario they consider.

Acknowledgement. This work was supported by National Institutes of Health award
R01GM121818.

References

1. Barber, R.F., Candès, E.J.: Controlling the false discovery rate via knockoffs. Ann.
Stat. 43(5), 2055–2085 (2015)

2. Benjamini, Y., Hochberg, Y.: Controlling the false discovery rate: a practical and
powerful approach to multiple testing. J. Roy. Stat. Soc. Ser. B 57, 289–300 (1995)

3. Cerqueira, F.R., Graber, A., Schwikowski, B., Baumgartner, C.: MUDE: a new
approach for optimizing sensitivity in the target-decoy search strategy for large-
scale peptide/protein identification. J. Proteome Res. 9(5), 2265–2277 (2010)

4. Diament, B., Noble, W.S.: Faster SEQUEST searching for peptide identification
from tandem mass spectra. J. Proteome Res. 10(9), 3871–3879 (2011)

5. Elias, J.E., Gygi, S.P.: Target-decoy search strategy for increased confidence in
large-scale protein identifications by mass spectrometry. Nat. Methods 4(3), 207–
214 (2007)

6. Elias, J.E., Gygi, S.P.: Target-decoy search strategy for mass spectrometry-based
proteomics. Methods Mol. Biol. 604, 55–71 (2010). https://doi.org/10.1007/978-
1-60761-444-9 5

7. Emery, K., Hasam, S., Noble, W.S., Keich, U.: Multiple competition based FDR
control. arXiv (2019). arXiv:1907.01458

8. Eng, J.K., McCormack, A.L., Yates, J.R.: An approach to correlate tandem mass
spectral data of peptides with amino acid sequences in a protein database. J.
Am. Soc. Mass Spectrom. 5(11), 976–989 (1994). https://doi.org/10.1016/1044-
0305(94)80016-2

9. Fan, Y., Lv, J., Sharifvaghefi, M., Uematsu, Y.: IPAD: stable interpretable fore-
casting with knockoffs inference. Available at SSRN 3245137 (2018)

10. Gao, C., et al.: Model-based and model-free machine learning techniques for diag-
nostic prediction and classification of clinical outcomes in parkinson’s disease. Sci.
Rep. 8(1), 7129 (2018)

11. Granholm, V., Navarro, J.F., Noble, W.S., Käll, L.: Determining the calibration
of confidence estimation procedures for unique peptides in shotgun proteomics. J.
Proteomics 80(27), 123–131 (2013)

12. Harbison, C.T., et al.: Transcriptional regulatory code of a eukaryotic genome.
Nature 431, 99–104 (2004)

https://doi.org/10.1007/978-1-60761-444-9_5
https://doi.org/10.1007/978-1-60761-444-9_5
http://arxiv.org/abs/1907.01458
https://doi.org/10.1016/1044-0305(94)80016-2
https://doi.org/10.1016/1044-0305(94)80016-2


uri.keich@sydney.edu.au

70 K. Emery et al.

13. He, K., et al.: A theoretical foundation of the target-decoy search strategy for false
discovery rate control in proteomics. arXiv (2015). https://arxiv.org/abs/1501.
00537

14. He, K., Li, M., Fu, Y., Gong, F., Sun, X.: A direct approach to false discovery
rates by decoy permutations (2018). arXiv preprint arXiv:1804.08222

15. Jeong, K., Kim, S., Bandeira, N.: False discovery rates in spectral identification.
BMC Bioinform. 13(Suppl. 16), S2 (2012)

16. Keich, U., Noble, W.S.: Controlling the FDR in imperfect database matches applied
to tandem mass spectrum identification. J. Am. Stat. Assoc. (2017). https://doi.
org/10.1080/01621459.2017.1375931

17. Keich, U., Noble, W.S.: Progressive calibration and averaging for tandem mass
spectrometry statistical confidence estimation: why settle for a single decoy? In:
Sahinalp, S.C. (ed.) RECOMB 2017. LNCS, vol. 10229, pp. 99–116. Springer, Cham
(2017). https://doi.org/10.1007/978-3-319-56970-3 7

18. Keich, U., Tamura, K., Noble, W.S.: Averaging strategy to reduce variability in
target-decoy estimates of false discovery rate. J. Proteome Res. 18(2), 585–593
(2018)

19. Lei, L., Fithian, W.: Power of ordered hypothesis testing. In: International Con-
ference on Machine Learning, pp. 2924–2932 (2016)

20. Levitsky, L.I., Ivanov, M.V., Lobas, A.A., Gorshkov, M.V.: Unbiased false discovery
rate estimation for shotgun proteomics based on the target-decoy approach. J.
Proteome Res. 16(2), 393–397 (2017)

21. Lin, H., He, Q.Y., Shi, L., Sleeman, M., Baker, M.S., Nice, E.C.: Proteomics and
the microbiome: pitfalls and potential. Exp. Rev. Proteomics 16(6), 501–511 (2019)

22. Lu, Y.Y., Fan, Y., Lv, J., Noble, W.S.: DeepPINK: reproducible feature selection
in deep neural networks. In: Advances in Neural Information Processing Systems
(2018)

23. Morris, M., Knudsen, G.M., Maeda, S., Trinidad, J.C., Ioanoviciu, A., Burlingame,
A.L., Mucke, L.: Tau post-translational modifications in wild-type and human
amyloid precursor protein transgenic mice. Nat. Neurosci. 18, 1183–1189 (2015)

24. Nesvizhskii, A.I.: A survey of computational methods and error rate estimation
procedures for peptide and protein identification in shotgun proteomics. J. Pro-
teomics 73(11), 2092–2123 (2010)

25. Ng, P., Keich, U.: Gimsan: a gibbs motif finder with significance analysis. Bioin-
formatics 24(19), 2256–2257 (2008)

26. Noble, W.S., MacCoss, M.J.: Computational and statistical analysis of protein
mass spectrometry data. PLOS Comput. Biol. 8(1), e1002296 (2012)

27. Hernandez, P., Muller, M., Appel, R.D.: Automated protein identification by tan-
dem mass spectrometry: issues and strategies. Mass Spectrom. Rev. 25, 235–254
(2006)

28. Ping, L., et al.: Global quantitative analysis of the human brain proteome in
Alzheimer’s and Parkinson’s disease. Sci. Data 5, 180036 (2018)

29. Read, D.F., Cook, K., Lu, Y.Y., Le Roch, K., Noble, W.S.: Predicting gene expres-
sion in the human malaria parasite plasmodium falciparum. J. Proteome Res.
15(9), e1007329 (2019)

30. Saito, M.A., et al.: Progress and challenges in ocean metaproteomics and proposed
best practices for data sharing. J. Proteome Res. 18(4), 1461–1476 (2019)

31. Savitski, M.M., Wilhelm, M., Hahne, H., Kuster, B., Bantscheff, M.: A scalable
approach for protein false discovery rate estimation in large proteomic data sets.
Mol. Cell. Proteomics 14(9), 2394–2404 (2015)

https://arxiv.org/abs/1501.00537
https://arxiv.org/abs/1501.00537
http://arxiv.org/abs/1804.08222
https://doi.org/10.1080/01621459.2017.1375931
https://doi.org/10.1080/01621459.2017.1375931
https://doi.org/10.1007/978-3-319-56970-3_7


uri.keich@sydney.edu.au

Multiple Competition-Based FDR Control and Its Application 71

32. Storey, J.D.: A direct approach to false discovery rates. J. Roy. Stat. Soc. Ser. B
64, 479–498 (2002)

33. Storey, J.D., Taylor, J.E., Siegmund, D.: Strong control, conservative point estima-
tion, and simultaneous conservative consistency of false discovery rates: a unified
approach. J. Roy. Stat. Soc. Ser. B 66, 187–205 (2004)

34. Storey, J.D., Tibshirani, R.: Statistical significance for genome-wide studies. Proc.
Nat. Acad. Sci. US Am. 100, 9440–9445 (2003)

35. Storey, J.D., Bass, A.J., Dabney, A., Robinson, D.: qvalue: Q-value estimation for
false discovery rate control (2019). http://github.com/jdstorey/qvalue, r package
version 2.14.1

36. Tusher, V.G., Tibshirani, R., Chu, G.: Significance analysis of microarrays applied
to the ionizing radiation response. Proc. Nat. Acad. Sci. US Am. 98, 5116–5121
(2001). https://doi.org/10.1073/pnas.091062498

37. Wildburger, N.C., et al.: Diversity of amyloid-beta proteoforms in the Alzheimer’s
disease brain. Sci. Rep. 7, 9520 (2017)

38. Xiao, Y., Angulo, M.T., Friedman, J., Waldor, M.K., WeissT, S.T., Liu, Y.Y.:
Mapping the ecological networks of microbial communities. Nat. Commun. 8(1),
2042 (2017)

http://github.com/jdstorey/qvalue
https://doi.org/10.1073/pnas.091062498

	Preface
	Organization
	Contents
	Extended Abstracts
	Computing the Rearrangement Distance of Natural Genomes
	1 Introduction
	2 Preliminaries
	2.1 The DCJ-Indel Model
	2.2 DCJ-Indel Distance of Singular Genomes

	3 DCJ-Indel Distance of Natural Genomes
	3.1 Multi-relational Diagram
	3.2 Capping

	4 An Algorithm to Compute the DCJ-Indel Distance of Natural Genomes
	4.1 ILP Formulation
	4.2 Performance Benchmark
	4.3 Real Data Analysis

	5 Conclusion
	References

	Deep Large-Scale Multi-task Learning Network for Gene Expression Inference
	1 Introduction
	2 Related Work
	2.1 Gene Expression Inference
	2.2 Multi-task Learning Algorithms

	3 Deep Large-Scale Multi-task Learning Network
	3.1 Clustered Multi-task Learning
	3.2 Deep Large-Scale Multi-task Learning

	4 Experiments
	4.1 Experimental Setup
	4.2 Performance Comparison
	4.3 Ablation Study
	4.4 Visualization

	5 Conclusion
	References

	A Randomized Parallel Algorithm for Efficiently Finding Near-Optimal Universal Hitting Sets
	1 Introduction
	2 Background and Preliminaries
	3 Methods
	4 Results
	5 Discussion
	6 Conclusion
	A  Emulating the Greedy Algorithm
	B  Runtime Analysis
	References

	Multiple Competition-Based FDR Control and Its Application to Peptide Detection
	1 Introduction
	2 Background
	2.1 Shotgun Proteomics and Spectrum Identification
	2.2 False Discovery Rate Control in Spectrum Identification
	2.3 The Peptide Detection Problem

	3 Controlling the FDR Using Multiple Decoys
	3.1 Why Do We Need a New Approach?
	3.2 A Novel Meta-procedure for FDR Control Using Multiple Decoys
	3.3 Null Labels Conditional Probabilities Property
	3.4 When Does the NLCP Hold for Our Meta-procedure?
	3.5 Mirroring and Mirandom
	3.6 Data-Driven Setting of the Tuning Parameters c,
	3.7 A Bootstrap Procedure for Selecting an Optimal Method

	4 The Peptide Detection Problem
	5 Discussion
	References

	Supervised Adversarial Alignment of Single-Cell RNA-seq Data
	1 Introduction
	2 Methods
	2.1 Problem Formulation
	2.2 Domain Adversarial Training with Siamese Network
	2.3 Conditional Domain Generalization Strategy

	3 Results
	3.1 Experiment Setups
	3.2 Overall Performance
	3.3 Visualization of the Representation Learned by Alignment and Classification Methods
	3.4 Analysis of Key Genes

	4 Discussion
	References

	Bagging MSA Learning: Enhancing Low-Quality PSSM with Deep Learning for Accurate Protein Structure Property Prediction
	1 Introduction
	2 Related Work
	2.1 Position-Specific Scoring Matrix
	2.2 Scoring Criteria for PSSM
	2.3 Protein Secondary Structure Prediction

	3 Method
	3.1 Framework Overview
	3.2 Unsupervised Learning to Enhance PSSM
	3.3 Prediction Network

	4 Experiments
	4.1 Experiments Set up
	4.2 Results

	5 Conclusion
	A  Appendix
	A.1  Encoding Networks
	A.2  Gray-Scale Images of PSSM
	A.3  Jackhmmer Options for Extracting MSA
	A.4  Infrastructure and Software

	References

	AStarix: Fast and Optimal Sequence-to-Graph Alignment
	1 Introduction
	1.1 Related Work
	1.2 Main Contributions

	2 Task Description: Alignment to Reference Graphs
	3 AStarix: Finding Optimal Alignments Using A
	3.1 Background: General A Algorithm
	3.2 AStarix: Instantiating A

	4 AStarix Algorithm: Optimizations
	4.1 Reducing Semi-global to Local Alignment Using a Trie
	4.2 Greedy Match Optimization
	4.3 Speeding up Evaluation of Heuristic
	4.4 Partitioning Nodes into Equivalence Classes

	5 Evaluation
	5.1 Implementation of AStarix and Dijkstra
	5.2 Compared Aligners: PaSGAL and BitParallel
	5.3 Setting
	5.4 Comparison of Optimal Aligners
	5.5 A Speedup

	6 Conclusion
	References

	Polynomial-Time Statistical Estimation of Species Trees Under Gene Duplication and Loss
	1 Introduction
	2 Species Tree Estimation from Gene Families
	3 Theoretical Results
	3.1 Gene Duplication and Loss Model
	3.2 Identifiability of the Species Tree Under the GDL Model
	3.3 Statistical Consistency of ASTRAL-multi Under GDL

	4 Experiments
	5 Discussion and Conclusion
	A  Additional Proofs
	A.1  Proof of Theorem 1: case (2)
	A.2  Proof of Theorem 2
	A.3  Proof of Theorem 3: case (2)

	References

	RoboCOP: Multivariate State Space Model Integrating Epigenomic Accessibility Data to Elucidate Genome-Wide Chromatin Occupancy
	1 Introduction
	2 Results
	2.1 MNase-seq Fragments of Different Lengths Are Informative About Different DNA Binding Factors
	2.2 RoboCOP Computes Probabilistic Chromatin Occupancy Profiles
	2.3 RoboCOP's Use of Epigenomic Accessibility Data Improves the Resulting Chromatin Occupancy Profiles
	2.4 Predicted Nucleosome Positions
	2.5 Predicted TF Binding Sites
	2.6 RoboCOP Reveals Chromatin Dynamics Under Cadmium Stress

	3 Methods
	3.1 RoboCOP Model Structure and Transition Probabilities
	3.2 RoboCOP Emission Probabilities
	3.3 RoboCOP Parameter Updates
	3.4 Implementation Details for Posterior Decoding
	3.5 TF and Nucleosome Predictions and Validation
	3.6 FIMO-MNase
	3.7 Data Access

	4 Discussion
	References

	Representation of k-mer Sets Using Spectrum-Preserving String Sets
	1 Introduction
	1.1 Related Work

	2 Definitions
	3 Equivalence of SPSS Representations and Path Covers
	4 Lower Bound on the Weight of a SPSS Representation
	5 The UST Algorithm for Computing a SPSS Representation
	6 Applications
	7 Empirical Results
	7.1 Evaluation of the UST Representation
	7.2 Evaluation of UST-Compress
	7.3 Evaluation of UST-FM

	8 Conclusion
	References

	NetMix: A Network-Structured Mixture Model for Reduced-Bias Estimation of Altered Subnetworks
	1 Introduction
	2 Altered Subnetworks, Altered Subsets, and Maximum Likelihood Estimation
	2.1 Altered Subnetwork Problem
	2.2 Bias in Maximum Likelihood Estimation of the ASD

	3 The NetMix Algorithm
	3.1 Gaussian Mixture Model
	3.2 NetMix Algorithm

	4 Results
	4.1 Simulated Data

	5 Discussion
	References

	Stochastic Sampling of Structural Contexts Improves the Scalability and Accuracy of RNA 3D Module Identification
	1 Introduction
	2 Methods
	3 Results
	3.1 Rna3Dmotif Dataset
	3.2 Validation on the Rna3Dmotif Dataset
	3.3 Validation on Known Module Alignments from Rfam
	3.4 Time Benchmark
	3.5 Comparison to the State of the Art

	4 Discussion
	5 Conclusion
	References

	Lower Density Selection Schemes via Small Universal Hitting Sets with Short Remaining Path Length
	1 Introduction
	2 Results
	2.1 Notation
	2.2 Main Results

	3 Methods and Proofs
	3.1 UHS from Selection Schemes
	3.2 Forbidden Word Depathing Set
	3.3 Construction of the Mykkeltveit Sets
	3.4 Upper Bounding the Remaining Path Length in Mykkeltveit Sets
	3.5 Lower Bounding the Remaining Path Length in Mykkeltveit Sets

	4 Discussion
	References

	Short Papers
	Strain-Aware Assembly of Genomes from Mixed Samples Using Flow Variation Graphs
	References

	Spectral Jaccard Similarity: A New Approach to Estimating Pairwise Sequence Alignments
	References

	MosaicFlye: Resolving Long Mosaic Repeats Using Long Reads
	References

	Bayesian Non-parametric Clustering of Single-Cell Mutation Profiles
	References

	PaccMannRL: Designing Anticancer Drugs From Transcriptomic Data via Reinforcement Learning
	References

	CluStrat: A Structure Informed Clustering Strategy for Population Stratification
	References

	PWAS: Proteome-Wide Association Study
	Abstract
	1 Background
	2 Methods
	3 Results
	4 Conclusion
	References

	Estimating the Rate of Cell Type Degeneration from Epigenetic Sequencing of Cell-Free DNA
	References

	Potpourri: An Epistasis Test Prioritization Algorithm via Diverse SNP Selection
	References

	Privacy-Preserving Biomedical Database Queries with Optimal Privacy-Utility Trade-Offs
	1 Introduction
	2 Methods
	3 Results
	References

	Iterative Refinement of Cellular Identity from Single-Cell Data Using Online Learning
	References

	A Guided Network Propagation Approach to Identify Disease Genes that Combines Prior and New Information
	A Scalable Method for Estimating the Regional Polygenicity of Complex Traits
	References

	Efficient and Accurate Inference of Microbial Trajectories from Longitudinal Count Data
	References

	Identifying Causal Variants by Fine Mapping Across Multiple Studies
	References

	MONN: A Multi-objective Neural Network for Predicting Pairwise Non-covalent Interactions and Binding Affinities Between Compounds and Proteins
	References

	Evolutionary Context-Integrated Deep Sequence Modeling for Protein Engineering
	1 Introduction
	2 Methods
	3 Results

	Log Transformation Improves Dating of Phylogenies
	References

	Reconstructing Genotypes in Private Genomic Databases from Genetic Risk Scores
	References

	d-PBWT: Dynamic Positional Burrows-Wheeler Transform
	References

	A Mixture Model for Signature Discovery from Sparse Mutation Data
	References

	Single-Cell Tumor Phylogeny Inference with Copy-Number Constrained Mutation Losses
	Reconstruction of Gene Regulatory Networks by Integrating Biological Model and a Recommendation System
	References

	Probing Multi-way Chromatin Interaction with Hypergraph Representation Learning
	Author Index

