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ABSTRACT: Accurate target-decoy-based false discovery rate
(FDR) control of peptide identiﬁcation from tandem massspectrometry data relies on an important but often neglected
assumption that incorrect spectrum annotations are equally
likely to receive either target or decoy peptides. Here we argue
that this assumption is often violated in practice, even by
popular methods. Preference can be given to target peptides by
biased scoring functions, which result in liberal FDR
estimations, or to decoy peptides by correlated spectra,
which result in conservative estimations.

■

INTRODUCTION
False discovery rate (FDR) control in peptide identiﬁcation is
often carried out using a target-decoy database search.1 In this
approach, protein sequences digested in silico result in a target
peptide set, followed by the fabrication of ﬁctitious peptides,
called decoy peptides, usually by reversing or shuﬄing either
the whole protein sequence or the nonterminal amino acids of
target peptides.2 The theory of target-decoy-based FDR
control in tandem mass spectrometry has been established
by He et al.,3 and a correction to the FDR estimation was
introduced by both He et al. and Levitsky et al.
independently.3,4 In brief, a collection of experimental spectra
is annotated with the best-scoring peptides via database
searching; then, the FDR of the results is controlled based on
the amount of decoy peptides found in the search output.2
Accurate FDR control requires distinct, independent, and
roughly equal sized target and decoy peptide collections; if
they are not equal, then the FDR calculation must include a
correction factor for the size.5 In this cautionary Letter, we
discuss an often neglected requirement to obtain accurate FDR
control and estimation, namely, that incorrect spectrum
annotations ought to be assigned to either target or decoy
peptides with equal likelihood. Standard raw scoring functions,
like XCorr,6 HyperScore,7 or Andromeda,8 meet this condition
because they do not have the capacity to distinguish between
target and decoy peptides. However, machine-learning-based
methods that involve target and decoy peptides in training to
improve spectrum annotation accuracy can attain preference
toward target peptides or annotations matched to target
peptides. This violates the requirement and results in a biased
FDR estimation. The amount of the bias depends on the
capacity of the models and on the software parameter settings.
© XXXX American Chemical Society

In this Letter, we inform mass spectrometrist practitioners
and developers that (1) certain program parameter combinations in peptide identiﬁcation pipelines may lead to biased
FDR estimation, (2) excessively parametrized score functions
may become capable of distinguishing between target and
decoy peptides, and (3) traditional methods to reveal bias in
FDR estimation, such as null test or decoy−decoy search
schemes, may not work.
The phenomenon bias scrutinized here is commonly
discussed under the term fairness in machine learning and is
often referred to as machine bias among data scientists. In
general, machine bias emerges from the fact that statistical
models and machine-learning methods lack common sense and
logic; thus they require constant calibration and adjustment to
prevent negative discrimination against legally recognized
protected groups, certain social classes, races, or, in our case,
decoy peptides.9

■

BIASED FEATURES
Percolator,10 for instance, is able to discriminate certain types
of decoy peptides from target ones. In a fully tryptic peptide
data set (cleave after amino acids K or R if not followed by P),
target peptides contain zero missed internal enzymatic cleavage
sites; however, decoy peptides, generated with the peptidereverse approach, can acquire new missed sites that are
counted by a feature, called enzInt or mc, in Percolator. For
instance, the enzInt feature value is 0 for peptide “FLAYRPK”
because trypsin would not cleave at RP; however, it is 1 for the
reversed peptide “FPRYALK” because trypsin should cleave
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Figure 1. Bias in Percolator’s features. (A) Percolator scores of decoy PSMs obtained with original features versus corrected enzInt features. (B)
Percolator’s results using default settings (red), using corrected enzInt features (blue), and using the nonenzymatic decoy peptide database (green).
(C) Estimated error, induced by enzInt feature, in FDR estimation at various levels, calculated based on the horizontal diﬀerence between the red
and blue curves from panel B.

Figure 2. Discrimination of target and decoy peptides. (A) Discrimination of target against decoy peptides with ANN (blue), logistic regression
(LogReg, red), DRIP (orange), and XCorr scoring function (purple) evaluated by ROC analysis. The diagonal line (dashed line) indicates an
unbiased scoring function and identical distributions of the target and decoy PSM scores. p values of ROC analyses were obtained with the twosided Mann−Whitney U-test. (B) Number of annotated spectra at various FDR levels using default (blue) and weighted (red) XCorr scoring
functions on yeast data.

experiment, that produces a 6−8% increase in errors in FDR
estimation at various levels (as shown in Figure 1B,C). For
further discussion, see Supplementary Note S1.2. This leads to
liberal FDR estimation and thus to more accepted PSMs at
various FDR (q value) thresholds. Removing proline
suppression from digestion rules would be a plausible12 and
a quick ﬁx for this problem; however, we note that other
features can leak peptide-type-related information depending
on parameter settings. For instance, if a decoy peptide
generation procedure modiﬁed the terminal amino acids of
the target peptides, then the procedure can create nonenzymatic decoy peptides for a fully enzymatic (tryptic) target
peptide data set. This information is then extracted by the
EnzC and EnzN features in Percolator, leading to erroneous
results. (See the green curve in Figure 1B.)

after PR. Note that PR or PK can also appear in decoy peptides
generated by shuﬄing. Simply put, the decoy generation can
introduce new types of decoy peptides, which can be indicated
by a positive enzInt feature value, resulting in diﬀerent
distributions for the decoy peptides and the incorrect target
peptides in the feature space. Percolator can capture this
information and penalize many decoy peptide-spectrum
matches (PSMs). Taking the yeast data set from the Percolator
article, we performed an experiment with Crux toolkit v3.011
and Percolator using default parameter settings. (See
Supplementary Note S1.1.) We generated a fully tryptic
peptide data set, and we found 5226 PSMs (out of 69 705)
annotated with decoy peptides having positive enzInt feature
values (up to three), whereas all target PSMs (PSMs that are
matched to target peptides) had zero enzInt feature values.
Only these 5226 decoy PSMs (PSMs annotated with decoy
peptides) received 0.3 to 0.4 lower Percolator scores than they
receive when their enzInt feature is set to zero, as shown in
Figure 1A. In our opinion, Percolator’s enzInt feature
extraction is improper because decoy PSMs receive smaller
scores than target PSMs among incorrect annotations. In this

■

BIASED SCORE FUNCTIONS
Scoring functions can give preference to target (or decoy)
peptides during the spectrum identiﬁcation search without
even considering peptide labels. Contrary to expectations, the
distribution of the theoretical target and decoy spectra (i.e.,
B
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the XCorr scoring function, which achieved a fairly random
assignment with a 0.51 AUC score. However, DRIP, trained
with the original data the authors used, showed a slight
preference toward target peptides when the top-20 most
intense peaks were retained in the experimental spectra. The
subsequent ROC analysis yielded an AUC of 0.56, which had
an associated p value of 3.55 × 10−9. The p value, obtained
with the two-sided Mann−Whitney U-test, indicates this bias.
(See purple lines for XCorr and orange lines for DRIP ROC in
Figure 2A.)
It is actually eﬀortless to create biased scoring functions.
Consider the well-known XCorr6 scoring function XCorr(s,t)
= sTt for discretized theoretical t and experimental spectra s,
which already incorporates a cross-correlation correction
1
75
(deﬁned as s : = s − 151 ∑τ =−75 sτ , in which all vector
elements shifted by τ steps in sτ).17 Using a weight matrix
W, XCorr can be parametrized as sTWt to maximize its score
for any target and minimize its score for any decoy peptides.
We trained W to do so using the maximum likelihood
estimation method (for more details, see Supplementary Note
S3) on the yeast data set. The number of spectrum annotations
in the results (possibly all garbage) skyrockets as the FDR level
increases. (See Figure 2B.) In fact, the whole yeast spectrum
data set (69 705 spectra) is annotated by target peptides with
∼7% FDR. These results would hopefully seem doubtful to
mass spectrometrists. The improved performance arises from
the preference given to target peptides. They receive higher
matching scores than their decoy counterparts, which results a
biased FDR estimation. Note that the weighted XCorr function
is equivalent to the default XCorr function using with
transformed spectra s̃ = sTW. Therefore, spectrum preprocessing methods can give preference to target peptides, thus
yielding biased FDR estimations. These examples illustrate
how easily even simple models can introduce bias.

spectra generated from peptide sequences in silico) is slightly
diﬀerent in the spectrum vector space, and a simple linear
model can exploit this information. For instance, a logistic
regression (LogReg) achieved a 0.551 AUC score on
classifying the theoretical target and decoy peptides. The
positive data comprised the theoretical spectrum vectors of
target peptides, and the negative data comprised the theoretical
spectrum vectors of the decoy peptides. The peptides were
generated from semitryptic digestion of yeast protein
sequences in which decoy peptides were produced by
reversing. For more details, see Supplementary Note S2. The
result means that scoring functions that take into account peak
location speciﬁc weights can induce bias, whether the weights
are tuned manually or are learned by a particular machine
learning algorithm. The situation with vanilla artiﬁcial neural
networks (ANNs) is even more dismal (or astonishing). In the
same data set, an ANN achieved a spectacular AUC score as
high as 0.902 in peptide classiﬁcation. (See the blue and red
ROC lines in Figure 2A, and see Supplementary Note S2 for
details of the training and the results.) This means that scoring
functions that account for peak-pair- and peak-location-speciﬁc
weights can induce large biases. Perhaps deep learning
methods may achieve better discrimination between target
and decoy peptides. However, when the target peptides are
split randomly into positive and negative sets, the ANN
achieves an AUC score of only 0.543. (See Figures S3−S5 for
detailed results, and see Supplementary Note S2.4 for
overﬁtting tests.) In our opinion, this shows that the
distributions of the target and decoy spectra are indeed
diﬀerent, and ANN does not achieve a high AUC score due to
data memorization. (For more details, see Supplementary Note
S2.4.) We analyzed the weights of the neural network to see
the origin of the diﬀerences between the target and decoy
peptides. The weight matrix of the ANN is shown in Figure
S3E. We suspect that the diﬀerence may be included as a result
of changing the amino acid distributions around the terminal
amino acids.
The kth-order Markov chain models could be used for decoy
peptide generation,13,14 alternatively. In the case of k = 0, the
Markov chain would be equivalent to the shuﬄing approach.
On the one hand, increasing k would decrease the diﬀerence
between the distribution of the decoy and target theoretical
spectra; therefore, it would be more diﬃcult for a machinelearning-based score function to distinguish between the types
of peptide. On the other hand, higher-order Markov chains
would generate decoy peptides that are more correlated to
target ones.
In practice, for instance, the DRIP scoring function15 can
give preference to target peptides. In our opinion, the
underlying problem is conceptual. DRIP uses a set of spectra
labeled by correct target peptides as a training set to learn the
parameters of a dynamic Bayesian network and to model
correct spectrum-peptide alignments. However, the training
procedure also learns a bit of the distribution of the target
peptides, resulting in a preference for them. We showed this by
testing the DRIP program in the decoy−decoy search scenario
with the UPS1 spectrum data set, which contained 3368 real
experimental spectra.16 We increased the precursor mass value
of every experimental spectrum by +19.0 and searched it
against the yeast protein fasta ﬁle. Therefore, the true target
peptides did not show up among the candidate peptides of the
experimental spectra in the database searching step, resulting in
only incorrect PSMs. We ran a standard database search using

■

CORRELATED TARGET-DECOY PEPTIDES
Lastly, we discuss the possible consequences of correlated
theoretical target and decoy peptides. For instance, the target
FYDDENLTE and its reversed FTLNEDDYE peptides
generate exactly the same theoretical spectra and the same
matching scores against the peptide’s experimental spectrum,
resulting in a high-scoring decoy PSM. This is illustrated in
Figure 3. Consequently, we argue that statistics involving highscoring correlated decoy peptides either implicitly, as in the
ratio of the top two scores (Δcn), or explicitly, as in separated
target-decoy search, can result in a conservative FDR
estimation yielding fewer spectrum annotations at various
FDR levels (q-value thresholds). Furthermore, the eﬀect of the
correlated target-decoy peptides is more enriched in small
proteome data sets with high precursor information, because
(a) correlated decoy peptides are always present among
candidate peptides and (b) they face less competition from
fewer others due to data sparsity.
We searched the Plasmodium falciparum spectrum data set18
(for more details about the data, see Supplementary Note S4)
with the standard tide-search program from the Crux toolkit
v3.0, calculated the p values with the XCorr p-value (XPV)
program,19 and adjusted them with the Š idák correction.
Among 12 086 matched spectra, 2639 spectra were identiﬁed
at an estimated 1% FDR level. Of these, 221 (8.4%) spectra
received a target and its corresponding reversed decoy peptide
in their top-two scoring places. We note that only 6 out of the
C
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then peptide-level decoy generation would have resulted in an
even more conservative FDR estimation. Consequently, we
recommend using target-decoy competition and ignoring Δcn
features in scoring or using the averaging strategy23 for small
proteome data.

■

CONCLUSIONS
The increasing complexity of the peptide identiﬁcation
pipelines and the advancement in the mass spectrometric
instrumentation yield new challenges for maintaining fair FDR
estimation, and old approaches may fail to reveal bias in
modern methods. For instance, the null test24 and the decoy−
decoy search approaches are ineﬀective at pinpointing the bias
we showed in this Letter because these methods do not utilize
the target peptide set (see Supplementary Note S1.2), and thus
they do not consider the diﬀerences between the distribution
of or the correlation between the theoretical spectra of the
target and decoy peptides. Granholm et al. proposed a socalled semilabeled method to demonstrate biased features in
Percolator using so-called entrapment sequences.25 Unfortunately, the semilabeled method is not able to identify the bias
in the enzInt feature because it does not involve the peptidelevel decoy generation procedure. Consequently, the fairness of
the FDR estimation in new methods might need to be
reassessed with new validation techniques.

Figure 3. Illustration of the target-decoy peptide correlation. The
target FYDDENLTE and the decoy FTLNEDDYE peptides produce
exactly the same theoretical spectrum, and they correlate with the
experimental spectrum generated by the FYDDENLTE peptide’s
molecule.

221 spectra had two candidate peptides or fewer. For more
details of similar experiments with synthetic data, see
Supplementary Note S5. The p values of the decoy PSMs
conﬁrm on a quantile−quantile plot (see in Figure 4A) that
peptide-level decoy generation approaches produce more
signiﬁcant p values than they would be if they were coming
from the true null distribution; however, p values from the
protein shuﬄe scenario remain uniform. The distribution of
the p values produced with the protein-reverse scenario act
roughly uniform; however, some p values deviate. For a
discussion of p-value calibration, see Supplementary Note S6.
Therefore, peptide-shuﬄing and reverse approaches in a
separated target-decoy search can produce more signiﬁcant p
values for the decoy peptides, yielding a conservative FDR
control and fewer spectrum annotations than were obtained
with the protein-shuﬄing method. (See Figure 4B.) We are
aware of the fact that protein-shuﬄing decoy generation results
in a conservative FDR estimation;20−22 however, an appropriate correction for the sizes of the target and decoy peptide
sets can circumvent this bias. See Supplementary Note S7 and
Figure S7 for more discussion on this topic. Nevertheless, had
protein shuﬄing resulted in a conservative FDR estimation,
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