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Abstract

Motivation: The discrimination ability of score functions to separate correct from incorrect peptide-
spectrum matches in database-searching-based spectrum identification are hindered by many superfluous
peaks belonging to unexpected fragmentation ions or by the lacking peaks of anticipated fragmentation
ions.
Results: Here, we present a new method, called BoltzMatch, to learn score functions using a particular
stochastic neural networks, called restricted Boltzmann machines, in order to enhance their discrimination
ability. BoltzMatch learns chemically explainable patterns among peak pairs in the spectrum data, and it
can augment peaks depending on their semantic context or even reconstruct lacking peaks of expected
ions during its internal scoring mechanism. As a result, BoltzMatch achieved 50% and 33% more annota-
tions on high- and low-resolution MS2 data than XCorr at a 0.1% false discovery rate in our benchmark;
conversely, XCorr yielded the same number of spectrum annotations as BoltzMatch, albeit with 4-6 times
more errors. In addition, BoltzMatch alone does yield 14% more annotations than Prosit (which runs with
Percolator), and BoltzMatch with Percolator yields 32% more annotations than Prosit at 0.1% FDR level
in our benchmark.
Availability: BoltzMatch is freely available at: https://github.com/kfattila/BoltzMatch
Contact: akerteszfarkas@hse.ru
Supporting information: Supplementary materials are available at Bioinformatics Online.

1 Introduction
Score functions in spectrum identification (Aebersold and Mann, 2003;
Nesvizhskii and Aebersold, 2004; Kertész-Farkas et al., 2012; Noble and
MacCoss, 2012) are hindered by (a) the presence of many unexplained
peaks, which stem from the unusual fragmentation of the peptide or con-
taminating molecules, or (b) the lack of expected fragmentation ions,
which fail to be observed in the mass spectrometer (Noble and MacCoss,
2012). Score functions attempt to mitigate the negative effects caused
by these issues (a) by considering secondary fragmentation ion products
(SFIP), such as the ions derived from water, carbon monoxide, or am-
monia losses, in addition to primary fragmentation ions. For instance,
Andromeda (Cox et al., 2011) generates auxiliary peaks for water or
ammonia loss products for theoretical peptides containing D, E, S, T or

K, N, Q, R amino acids, respectively; while the popular XCorr function
of SEQUEST (Eng et al., 1994; Yates et al., 1995) additionally incor-
porates signals from the flanking bins of the discretized spectrum vector
(Eng et al., 2015), SFIP, and highly charged theoretical fragmentation
ion masses depending on the charge state of the precursor ion. The XCorr
is formalized as

XCorr(s, h) = E(s, h)− Z(s, h) (1)

for a discretized experimental spectrum s and a theoretical spectrum h,
where E puts a weight of 50 on the matching primary fragmentation
ions, usually b and y ions, a weight of 25 on the matching flanking
peaks, and a weight of 10 on the matching peaks of SFIP, and Z(s, h)

1

© The Author(s) (2020). Published by Oxford University Press. All rights reserved. For Permissions, please email: 
journals.permissions@oup.com 

D
ow

nloaded from
 https://academ

ic.oup.com
/bioinform

atics/advance-article-abstract/doi/10.1093/bioinform
atics/btaa206/5811231 by guest on 26 M

arch 2020



2 Annotation of tandem mass spectrometry data using stochastic neural networks
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Figure 1. Graphical models of XCorr and BoltzMatch score functions
along with their parameterization. (A) XCorr weights matching ions
by 50, flanking peaks by 25, and losses by 10; the weight values were
specified manually. (B) Heat map representation of the XCorr weights or-
ganized in a matrix. See the weights in high resolution on Supplementary
Figure S1. (C) Fully connected stochastic neural network, BoltzMatch,
for matching observed spectra with theoretical ones. BoltzMatch con-
siders the association between all peak pairs and learns to weight them
solely from the data. (D) Heat map representation of the weights of Boltz-
Match. A positive weight W [i, j] indicates an association between the
peaks at positions i and j in the observed and the corresponding theoreti-
cal spectra, respectively; while a negative weight indicates an association
between the peaks in the observed and the unrelated (target or decoy) the-
oretical spectra. The weights in the diagonal line w[i, i] corresponds to
matching peaks in the observed and theoretical spectra at position i in-
dicated by arrow (a). The weights in the off-diagonal lines indicated by
arrows (b) and (c) correspond to SFIP (w[i, i+ 1], w[i, i− 1], w[i, i+
17], w[i, i+18], etc.) and subsequent and antecedent primary fragmen-
tation ions (w[i, i+57], w[i, i−57], w[i, i+71] etc.). These distances
(57, 71, etc.) relate to the masses of amino acids. The weights indicated
by arrow (d) have the same interpretation as (a-c) but for double-charged
peaks. See the weights in high resolution on Supplementary Figure S2.

presents a correction factor1 (Eng et al., 1994; Sulimov and Kertész-
Farkas, 2019). The weights can be arranged in a weight matrix W ,
providing the formalization E(s, h) = sTWh, where T denotes vec-
tor transposition. Figure 1A illustrates the matching of an experimental
and a theoretical spectra by E, and Figure 1B shows the corresponding
weight matrix W . Several new score functions and database searching
tools have also been introduced, including Mascot (Perkins et al., 1999),
HyperScore of X!Tandem(Fenyö and Beavis, 2003), Morpheus (Wenger
and Coon, 2013), and MS Amanda (Dorfer et al., 2014); however, these
methods are based on manually constructed score functions and have re-
sulted in only minor improvements as compared with SEQUEST (Kim
et al., 2008). Recent studies focused rather on score calibration to pro-
vide a well-defined accurate semantics so that the spectrum annotations
can be compared with each other (Keich and Noble, 2014; Kim and
Pevzner, 2014; Kertesz-Farkas et al., 2015; Keich et al., 2015; Sulimov
and Kertész-Farkas, 2019); however, a discussion on the discriminative
power of the score functions, that is, the ability to separate correct from
incorrect matches, is often neglected.

In this article, we present a novel method to learn score functions
utilizing restricted Boltzmann machines (RBMs) in order to enhance the

1 defined as Z(s, h) = 1
151

∑+75
τ=−75 E(s, h[τ ]), where in h[τ ] all

vector elements of h are shifted by τ steps.

discriminative power of the score functions. RBMs are stochastic, fully
connected neural networks (LeCun et al., 2015) that pioneered the deep
learning by being proposed as the building blocks of deep belief networks
and that achieved state-of-the-art performance in various fields, such as
speech recognition (Mohamed et al., 2011), collaborative filtering and
dimensionality reduction (Hinton and Salakhutdinov, 2006; Salakhutdi-
nov et al., 2007). In our approach, called BoltzMatch, we model the joint
probability of observing an experimental s and a theoretical h spectra
via RBMs, defined as

p(s, h) =
1

Z
exp{E(s, h)}, (2)

where the theoretical spectrumh is treated as an unobservable latent vari-
able, an idealized version of the observed, flawed experimental spectrum
s, which contains unexplainable peaks and incomplete fragmentation
ion series. E(s, h) = sTWh is referred to as an energy function, and
Z is a normalization factor2, in which the parameters in W are to be
learned from the observed mass spectrometry data. The log-likelihood
log p(s, h) = E(s, z) − logZ remarkably resembles the XCorr func-
tion defined in Eq. 1. On the one hand, one can roughly regard the
XCorr as a log-likelihood of a manually crafted RBM, while on the other
hand, one can roughly regard BoltzMatch as a generalization of XCorr in
which the parameters are learned from the data. A graphical illustration
of BoltzMatch and its corresponding weight matrix are shown in Figures
1C-D.

Recent machine-learning-based methods proposed for peptide iden-
tification, such as DRIP (Halloran et al., 2014) or DeepNovo (Tran et al.,
2017), model fragmentation processes in their internal states in a tem-
poral, sequential manner, meaning they presume that the fragmentation
ions are generated one after another in time. In contrast, BoltzMatch pre-
sumes a simultaneous fragmentation process and exploits the correlations
between all fragmentation ions all at once.

2 BoltzMatch
Spectrum preprocessing. Spectra were preprocessed in the same way
as in the SEQUEST program but without the application of the cross-
correlation penalty. Specifically, spectra were discretized along the m/z
axis with a bin width = 1.0005079 for low-resolution MS2 settings, re-
sulting in 2,000-dimensional spectrum vectors and a weight matrix W
with a size of 2, 000× 2, 000. For high-resolution MS2 settings spectra
were discretized with a bin width = 0.05 resulting in 40,000-dimensional
spectrum vectors and a weight matrixW with a size of40, 000×40, 000.
The discretization step was followed by the standard normalization pro-
cedure from SEQUEST (Eng et al., 1994); i.e., (a) peaks around the
precursor ion in a window of 1.5 Da were removed, (b) peak intensities
were replaced by their square root, and (c) spectra were divided into 10
equal-length regions on the mass axis, and intensities in each segment
were normalized separately. Note that the intensities were scaled to a
[0, 1] range in each segment. Note that the cross-correlation penalty was
not applied to BoltzMatch.

Training of BoltzMatch. Training of RBMs is carried out with maximum
likelihood estimation

w̃ = argmaxw log pw(s) (3)

where s denotes an experimental spectrum and pw denotes a Gibbs
distribution parameterized with w and modeled with a restricted Boltz-
mann machine. The weights are updated by calculating the derivatives

2 defined asZ =
∑
s′,h′ exp{E(s′, h′)} for all possible vectors s′, h′.
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BoltzMatch 3

of log pw(s) with respect to the model parameters, that is,

w
(t+1)
i,j = w

(t)
i,j +

∂ log pw(s)

∂wi,j
, (4)

where t indicates the iteration. The derivatives lead to

∂ log pw(s)

∂wi,j
=
∑
h′
pw(h

′ | s) s[i] h′[j] −
∑
s′,h′

pw(s
′, h′) s′[j] h′[i],

(5)
where the first summation goes over all possible binary vectors h′ and
the second summation goes over all possible vectors of s′ and h′. The
conditional probability pw(h | s) is defined as pw(h = 1 | s) =∏
i σ(
∑n
j=1 wijvj), where σ(a) = (1+ exp(−a))−1 is the sigmoid

function (Fischer and Igel, 2012). The training of RBMs is notoriously
hard (a) when latent variables are involved and (b) because it employs
Markov chain Monte Carlo (MCMC) sampling to approximate the nor-
malization factor Z (Hinton, 2012) to avoid the intractable enumeration
of s′ and h′. In order to make the training of BoltzMatch more effi-
cient, we developed a few tricks to tackle these problems by exploiting
peculiarities of the mass spectrometry data:

1. We restrict our model to only observed spectra s′ and to possi-
ble theoretical spectra h′ that encode real peptides. Moreover, we
define pw(h′, s′) = 0 whenever the precursor masses of these
spectra are not equal up to an instrument-specific tolerance. Note
that pw(h′, s′) = 0 could lead to troubles when its logarithm is
taken, thus, we just simply avoid considering such spectrum pairs
in practice. Note that we consider this assumption reasonable in
database-searching-base spectrum identification.

2. We assume that for every experimental spectrum there is only
one theoretical peptide h that can be considered to be responsi-
ble for generating the observed spectrum s; therefore, we expect
pw(s, h) >> 0, while we expect pw(s, h′) ≈ 0 for all other theo-
retical peptidesh′ within the precursor mass tolerance window. This
will lead to a simplification of Eq. 5 of the following form:

∂ log pw(s)

∂wi,j
≈
∂ log pw(s, h)

∂wi,j

= pw(h | s) s[i] h[j] −
∑
s′,h′

pw(s
′, h′) s′[j] h′[i],

(6)

where h is the theoretical peptide responsible for generating the ob-
served spectrum s. Unfortunately, the correct theoretical peptide is
not known. Therefore, a standard database searching step is car-
ried out to identify the (possibly) correct theoretical spectrum for
each experimental spectrum with a q-value less than 0.005 prior to
the training of BoltzMatch. We note that to increase the number
of peptide-spectrum-matches (PSMs) with q-value less than 0.005
in our experiments, we used the Tailor score calibration method
(Sulimov and Kertész-Farkas, 2019) instead of the XCorr exact p-
value (XPV) method (Kim et al., 2010; Howbert and Noble, 2014)
because Tailor is a 2-3 magnitudes faster method than the XPV
method.

3. The second summation of Eq. 5 involves the enumeration of all
possible vectors h′; however, most of them do not correspond to
biologically plausible vector representations of any peptides. For
instance, consider a vector h in which every second bin is filled with
one while all other bins are filled with zeroes; such vectors can be
excluded from the enumeration. Therefore, we restrict the second
summation to the candidate peptides of observed spectrum s, which

leads to the following formula:

∂ log pw(s, h)

∂wi,j

≈ pw(h | s) s[i] h[j] −
∑

h′∈CP (s)

pw(s, h
′) s[j] h′[i],

(7)

where CP (s) indicates the candidate theoretical target and decoy
peptides from the peptide sequence database that correspond to the
experimental spectrum s. Note that in general training of RBMs,
the second summation is approximated using MCMC methods;
however, in our opinion, the sampling would hardly result in any
biologically plausible vector that could be associated with any real
peptide molecule in our case.

Observed spectrum data set can contain ubiquitous peak which ap-
pear in almost every spectrum at the same m/z location. For instance,
the samples in the HumVar data set were prepared using TMT sixplex
labeling which has an associated weight of 229.16293 Da and one can
observe peaks around 230 m/z and 115 m/z in almost all experimental
spectra. These peaks possibly correspond to single charge and double
charged TMT labeling residues. These ubiquitous peaks do not contain
useful information for spectrum identification but they interfere in gener-
ative modeling as they can correlate with all other peaks. To mitigate the
effect of these ubiquitous peaks, we added a diversifying regularization
(Sulimov et al., 2019) in the following form:

DR =
∑

si,sj∈MB

hTi hj , (8)

to the learning objective defined in Eq.7, where si, sj are observed spec-
trum pairs from a given mini-batch MB and hi ∼ p(hi | si) =

σ(sTW ) (hj is defined similarly), where σ(a) = (1 + exp(−a))−1

is the sigmoid function.
The training of BoltzMatch with regularization was carried out by

optimizing log pw(s, h) via maximum likelihood estimation:

w̃ = argmaxw

 ∑
(s,h)∈D

log

(
exp(Ew(s, h))

Zs

)
+DR

 , (9)

where Zs =
∑
h∈CP (s) expEw(s, h) and (s, h) ∈ D denotes PSMs

having q-values less than 0.005, which were obtained with standard
database searching. The optimization was implemented in Python using
the Pytorch toolbox, and it was run on a GTX Titan X GPU. The opti-
mizer was a stochastic gradient descent using Nesterov momentum with
a parameter of 0.9 and a learning rate of 0.001. The batch size was 128.
We run the training for 15 epochs, but convergence is usually reached
after 3-4 epochs. The source code is freely available in the GitHub link
www.github.com/kfattila/BoltzMatch, and our training of
all data sets can be reproduced by executing the run_all.sh bash
script.

Evaluation of BoltzMatch in spectrum identification. Having BoltzMatch
trained, PSMs were scored by log p(s, h) = E(s, h) − log(Zs),
where Zs =

∑
h′∈CP (s) E(s, h′) and an experimental spectrum is

annotated by the theoretical peptide h̃ that yields the highest score
h̃ = argmaxh′∈CP (s) log p(s, h

′). These scores are uncalibrated and
proper score calibration methods can result in an increased number of
spectrum annotations (Keich and Noble, 2014; Sulimov and Kertész-
Farkas, 2019). We implemented the BoltzMatch scoring function in the
Tide-search program from the CRUX toolkit because (a) it provides score
calibration methods such as the exact p-value (XPV) method and the
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4 Annotation of tandem mass spectrometry data using stochastic neural networks

Table 1. Summary of mass spectrometry data sets

Name Instrument #Spectra Tolerance1 #Proteins2 #Peptides3 ACP4 MVM5 Modifications6

HumVar LTQ Orbitrap 15,057 50 ppm/0.05 Da 91,464 3,420,673 1353.7 2 O[V],TMT6-plex[V]
Malaria LTQ Orbitrap 12,594 50 ppm/0.05 Da 11,737 2,091,849 324.5 1 O[V],TMT6-plex[S]
iPRG MALDI 5600 14,141 10 ppm/0.05 Da 42,450 4,283,235 185.5 1 O[V]
Aurum MALDI 4700 9,832 2 Da/1.0005079 Da 91,464 1,591,444 7618.1 1 O[V]
HPP2A LTQ 29,583 50 ppm/1.0005079 Da 91,464 1,591,444 443.9 1 O[V]
Yeast LTQ 69,705 3 Da/1.0005079 Da 6,734 269,373 702.4 0 none
HeLa Orbitrap 10,865 20 ppm/0.05 Da 193,634 4,952,900 496,3 0 none

1Precursor / fragment ion tolerance. No isotope error was allowed. 2In silico enzymatic digestion was performed using the lys-C for Malaria, Trypsin/P
for the HeLa, and trypsin digestion rule for the rest of the data sets. Two missed cleavages were allowed for the HeLa data set and one missed cleavages
was allowed for other data sets. The minimum length of peptide was 7 and the maximum was 50 amino acids. 3 Includes modified, target and decoy
peptides. 4Average number of candidate peptides per spectrum-charge combination (ACP).The median number of candidate peptides per
spectrum-charge combination can be found in the Supplementary Table S1. 5Maximal variable modifications per peptide sequence. 6Variable (V) and
static (S) modifications, TMT-labeling (229.162932 Da) on lysine (K) and on N-terminal (Nt) modifications, oxidation (O) of methionine (+15.9949
Da). Static carbamidomethylation modification of cysteine (+57.02) was used for all data sets.

heuristic Tailor method, and (b) it can perform fast database searching
for spectrum identification with all the essential parameterizations.

To calibrate the BoltzMatch score with the XPV method, let PVs(c)
denote the p-value of a score c for a given spectrum s calculated with the
XPV method. Then the p-value of a spectrum s and a score c = p(s, h)

obtained with BoltzMatch can be derived as

PVs(c) = PVs(p(s, h)) (10)

= PVs(log p(s, h)) (11)

= PVs(E(s, h)− logZs) (12)

= PVs(E(s, h)) = PVs((s
TW )h) (13)

= PVs(sBMh), (14)

where Eq. 11 follows from the fact that the log function performs a
monotone transformation, which does not have an impact on the p-value
of any distributions, Eq. 12 follows from the fact that the normaliza-
tion factor logZs is a spectrum-dependent constant and can be omitted,
sBM = sTW , and sBMh denotes the dot product of two vectors sBM
and h. Therefore, the BoltzMatch scores can be calibrated with any stan-
dard XPV score calibration methods using the transformed experimental
spectra sBM .

Therefore, we transformed the experimental spectrum data set via
sTW and exported the new spectrum data set in .ms2 file format. This
was followed by a standard database search step using Tide-search pro-
gram from CRUX. We made minor modifications to the Tide-search pro-
gram so that it can load experimental spectrum data sets containing peak
intensities with negative values and removed the application of the cross-
correlation penalty procedure. This modified Tide-search/CRUX can be
found at https://github.com/kfattila/crux-toolkit

The calibration of the BoltzMatch scores with Tailor methods is
straightforward and does not require any preparation. For more details,
see (Sulimov and Kertész-Farkas, 2019).

The scripts we used for training and testing along with the param-
eterization can be found in the GitHub repository of the BoltzMatch
project.

3 Data sets and methods

3.1 Data sets

We used six, public MS2 data sets from previous publications in our
experiments. Here, we give only a brief summary about the main features
of the data, the detailed information about data, sample preparation, and

their availability can be found in the Supplementary Notes S1. The Table
1 presents the most important parameters used in database searching for
each data sets.

The HumVar (Human Variation) was derived from lymphoblastoid
cell lines from 95 HapMap individuals, including 53 Caucasians, 33
Yorubans, 9 eastern Asians, and one Japanese (Pease et al., 2013). The
complete data set contains high resolution MS1 and MS2 information. In
our study, we used only theLinfeng_012511_HapMap39_3.mzML
file, which contained 15,057 experimental spectra. The Malaria data set
is derived from a recent study of the erythrocytic cycle of the malaria
parasite Plasmodium falciparum and obtained from (Pease et al., 2013).
In this study, we used only the v07548_UofF_malaria_TMT_10.
ms2 file, which contains 12,594 spectra with high resolution MS1 and
MS2 information obtained with an Orbitrap spectrometer and the data
was acquired from (McIlwain et al., 2014). The iPRG2012 was designed
for a competition to detect modified peptides in a complex mixture by
the Proteome Informatics Research Group (iPRG) at the Association of
Biomolecular Resource Facilities (ABRF) (Chalkley et al., 2014). The
data set contains 14,141 spectra of high resolution MS1 and MS2 in-
formation generated by MALDI 5600 spectrometer from Yeast proteins.
The Aurum data set contains 9832 singly charged spectra containing low
resolution MS1 and MS2 information generated on an ABI 4700 MALDI
TOF/TOF instrument from Human proteins. The HSPP2A data set was
generated from the human protein phosphatase 2A system (Glatter et al.,
2009) using an LTQ mass spectrometer resulting in 29 583 spectra con-
taining high resolution MS1 and low resolution MS2 data. The Yeast data
set was generated from yeast (Saccharomyces cerevisiae strain S288C)
samples using a µLC-MS/MS instrument, resulting in 69,705 spectra
containing low resolution MS1 and MS2 information. Finally, the HeLa
data set (Bekker-Jensen et al., 2017) was used to compare BoltzMatch
against Prosit (Gessulat et al., 2019) because Prosit did not support our
other data sets, it handles spectra obtained only with HCD fragmentation,
and it cannot handle modifications at the time of writing. HeLa data set
contained 10,865 spectra with high resolution MS1 and MS2 information
from proteome of 12,250 protein-coding human genes.

3.2 Methods

Database search engines. We used the following programs: Tide from
CRUX (McIlwain et al., 2014) with XCorr score function with (a) exact
p-value (XPV) calibration for low-resolution MS2 data (Howbert and
Noble, 2014) and (b) Tailor calibration for high-resolution MS2 data
(Sulimov and Kertész-Farkas, 2019); Res-Ev with XPV calibration(Lin
et al., 2018), MS-GF+ (Kim and Pevzner, 2014), X!Tandem (Fenyö and
Beavis, 2003), OMSSA (Geer et al., 2004), MS Amanda (Dorfer et al.,
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2014), Percolator (Käll et al., 2007),Andromeda Cox et al. (2011) from
MaxQuant, and Prosit (Gessulat et al., 2019). For more details and for
the parameterization of these programs, see Supplementary Note S2. The
scripts we used in our experiments to run these programs can be found
in the GitHub repository of the BoltzMatch project.

False discovery rate calculation. False discovery rate (FDR) was esti-
mated using a concatenated target-decoy search (Elias and Gygi, 2007).
For every target protein sequence from the FASTA file, a decoy protein
sequence was generated via a protein-reverse approach, its header was
appended with the label “DECOY,” and the decoy protein was concate-
nated to the protein FASTA file. We emphasize that the database search
programs were neither allowed to generate decoy peptides nor to carry
out FDR estimation. The FDR estimation was carried out by ourselves
using the following formula: ˜FDR(t) =

#{Decoy>t}+1
#{Target>t} for thresh-

old t, where #{Target > t} (#{Decoy > t} ) denotes the number
of target (decoy) peptides identified with a PSM score larger than t. The
q-values for each PSM were reported based on the FDR defined above,
and the number of accepted PSMs were reported as a function of the
q-values.

4 Results and Discussion
Spectrum annotation. We trained BoltzMatch using three data sets,
which contained high-resolution MS2 information (HumVar, iPRG,
Malaria). They contained a total of 41,792 spectra and they were dis-
cretized with a 0.05 Da bin width. We note that BoltzMatch was trained
and evaluated on these data sets separately. Then we benchmarked it
against search engines described above, and reported the number of ac-
cepted PSMs as a function of the q-values in Figure 4A. The results show
that BoltzMatch was able to annotate 12,019 observed spectra at a 0.1%
FDR, which is 49.05% more annotations compared with the standard
XCorr score function when both scorings were calibrated with the Tai-
lor method 3 (Sulimov and Kertész-Farkas, 2019). Conversely, XCorr
annotated 12,019 spectra containing 5.3 times more false PSMs than
BoltzMatch. Res-Ev method with XPV calibration is the current state-
of-the-art scoring scheme designed specifically for high-resolution MS2
data, which was outperformed by BoltzMatch by around 17.78% more
annotations at a 0.1% FDR; in contrast, Res-Ev yielded 12,019 PSMs
with 4.4 times more errors than BoltzMatch.

BoltzMatch outperformed the other methods on all six data sets
(HumVar, iPRG, Malaria, Aurum, HPP2a, Yeast) using a low-resolution
MS2 setting, that is, all 150,912 spectra were discretized with a
1.0005079 Da bin width. BoltzMatch was trained and evaluated on these
data sets separately. The results displayed in Figure 4B show that Boltz-
Match was able to annotate approximately 25,288 observed spectra at a
0.1% FDR, which is 33.88% more annotations compared with the stan-
dard XCorr score function when both scorings were calibrated with the
XPV method (Howbert and Noble, 2014); conversely, XCorr yielded
25,228 PSMs containing 5.3 times more errors than BoltzMatch. The
detailed results obtained separately on each data sets can be seen in Sup-
plementary Figure S3. The effects of the Diversifying Regularization and
the size of the mini batch on the number of the annotations is shown and
discussed in Supplementary Figure S4.

Model inspection. To reveal the reasons why BoltzMatch outperforms
XCorr, we compared the transformed spectrum sBM = sTW obtained
with the weights of BoltzMatch and sXC obtained with the application of
the cross-correlation penalty of XCorr (sXC = s−

∑75
τ=−75 sτ/151,

where in sτ all vector elements are shifted by τ steps) (Eng et al., 2008),

3 Note that XPV breaks down with high-resolution MS2 data (Lin et al.,
2018).
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Figure 2. Spectrum annotation results with various search engines with data sets of
high-resolution (panel A) and low-resolution (panel B) fragmentation information.
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Figure 3. An observed spectrum from the Malaria data set (scan id = 7990) annotated with
the database peptide YYNLQTQLERY. Peaks with positive intensity values matching to
theoretical b- andy-ions are marked with green and orange colors, resp. (A) Annotation of
sXC obtained with XCORR with a q-value of 0.0049. (B) Annotation of sBM obtained
with BoltzMatch with a q-value of 0.0019.

as illustrated in Figures 3A-B, respectively, using an observed spectrum
s from the Malaria data set (scan id = 7990).

On the one hand, this figure suggests that BoltzMatch normalizes
the peak intensity depending on whether it can be explained by other
nearby peaks, whereas XCorr diminishes peak intensities depending on
the density of nearby peaks regardless of the semantic of their context.
For instance, the peak corresponding to the b-ion YY (red peak near
600 m/z in Figure 3) was increased by around 55% with BoltzMatch but
reduced by 10% with XCorr. On the other hand, BoltzMatch is able to
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6 Annotation of tandem mass spectrometry data using stochastic neural networks

recover peaks corresponding to unobserved but expected fragmentation
ions. For instance, the peak corresponding to the y-ion KYR (green peak
near 700 m/z in Figure 3) was recovered from its neighboring peaks in
sBM with a positive intensity value, but it receives a negative intensity
value (i.e. a penalty) in sXC by XCorr.

Taking all annotated spectra into account, XCorr reduces the inten-
sity of the peaks by around 5% on average regardless of whether they
correspond to a fragmentation ion or not. BoltzMatch increases the inten-
sity of the matching peaks by around 10% on average, while it keeps the
intensity of the non-matching peaks intact in general. The distribution of
intensity change is shown on Supplementary Figure S5. Note that Boltz-
Match puts a negative weight on the peaks of the y1 ions corresponding
to the lysine (K) amino acid at the C-terminal of the peptide. This is, in
fact, expected because all the theoretical peptides, both target and decoy,
end with lysine at the C-terminal due to lys-C digestion; therefore, the
peak of the y1 ion uninformative for discrimination purposes.

To understand the scoring of BoltzMatch, we displayed its weights
learned on Figure 1D. The visual inspection of the weights confirms
that BoltzMatch is able to learn biologically and chemically plausible
patterns from MS2 data, see discussion on the weights under the figure
caption, and it does not require manual instrument-specific and exper-
iment protocol-based parametrization nor does it need manual weight
calibration.

Bias test. Recently, we showed that a simple machine-learning-based
scoring system can easily learn to give preference to target peptides,
which in turn leads to a biased FDR estimation (Danilova et al., 2019).
In this section, we argue on theoretical and practical grounds that
BoltzMatch is not biased.

For the theoretical ground, let us consider an observed spectrum s.
BoltzMatch would be biased if it assigned roughly higher scores to target
peptides than to decoy peptides, that is, log p(s, t) ' log p(s, d) for in-
dependently sampled target t and decoy d peptides, which are unrelated
to s. This would imply that the Gibbs distribution represented by a re-
stricted Boltzmann machine has higher mass around target peptides than
around decoy peptides. However, target and decoy peptides are taken
from the peptide data set t, d ∈ CP (S), and they are treated equally
in the -

∑
h′∈CP (s) pw(s, h

′) s[j] h′[i] phase (called negative phase).
This means that the training procedure pushes down the unnormalized
probability at t and d equally, if they are unrelated to s.

For the practical ground, we took all the 15,057 top-scoring PSMs
from the HumVar data set, which were obtained with BoltzMatch scor-
ing, and selected the 5,000 worst-scoring PSMs (i.e., the bottom one-third
from the ranked PSM list) for further ROC analysis. We note that the tail
of a ranked PSM list should contain only incorrect spectrum annotations,
which are equally likely to be matched to either target or decoy peptides
in case of an unbiased scoring method. Consequently, the distribution
of the target PSM scores (i.e., PSMs in which spectra matched to target
peptides) and the distribution of the decoy PSM scores should be indis-
tinguishable, which can be tested with an ROC analysis. The area under
the ROC curve (AUC) obtained with our data and shown in Supplemen-
tary Figure S6 is 0.51 that has an associated p-value of 0.136 obtained
with a two-sided Mann-Whitney U-test. This shows that one PSM score
distribution is stochastically not greater than another one at a significance
level α = 0.1. We note that the 2.000 worst-scoring PSMs of the ranked
PSM list results in an AUC of 0.49927 with an associated p-value of
0.95522.

Competition with and against other methods. Spectrum identification
involves the application of various algorithms at different stages such
as theoretical peptide generation methods, scoring, score calibration,
post-processing algorithms. Different programs at different stages can
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Figure 4. Search results for the HeLa data set obtained with BoltzMatch, Percolator,
and Prosit. BoltzMatch outperforms Prosit at 0.1% FDR level with and without using
Percolator, but it is being outperformed at 1% FDR level. Note that spectra annotated
with either only CRUX or only Prosit were removed from the annotations because we
were interested in comparing their scoring capability.

be combined. Combining BoltzMatch scores with digestion- and charge-
state-specific information using the Percolator program further improves
the number of PSMs by 16% and 8% at 0.1% and 1% FDR levels (resp.)
(1888 vs. 1631 at 0.1% FDR and 2071 vs. 1925 at 1% FDR) on the
HeLa data set. Recently, several deep learning methods have been pro-
posed, such as pDeep (Zhou et al., 2017), Prosit (Gessulat et al., 2019),
DeepMass (Tiwary et al., 2019), in order to improve the number of the
annotations. Prosit extracts nearly 60 features for every spectrum anno-
tation obtained with Andromeda/MaxQuant system (Cox et al., 2011),
including the application of the intensities of the theoretical spectra pre-
dicted with deep LSTM networks. Prosit, using the features extracted,
then employs Percolator to re-score the top scoring PSMs. BoltzMatch
alone annotates 14 % more PSMs than Prosit at 0.1 % FDR (1631 vs
1426), BoltzMatch+Percolator yields 32% more PSMs at 0.1% FDR
(1888 vs 1426) than Prosit; however, the second yields 3% more PSMs
than BoltzMatch at 1% FDR (2176 vs 2071). In fact, BoltzMatch and
Prosit are not competitors; the top scoring PSMs found by BoltzMatch
could be re-scored with Prosit as well; unfortunately, at the time of writ-
ing, Prosit does not support search results from search engines other than
MaxQuant; thus, we could not evaluate the two methods in combination.

5 Conclusions
BoltzMatch is an interpretable, spectrum-peptide scoring method based
on a fully connected stochastic neural network and is developed for
database-searching-based spectrum identification in tandem mass spec-
trometry. BoltzMatch learns chemically explainable patterns among peak
pairs of the observed and theoretical spectra, and as an outcome it may
augment peaks depending on their semantic context or even reconstruct
peaks of unobserved but expected fragmentation ions during its internal
scoring mechanism. This information is incorporated into the scoring,
which results in an increased power in discriminating between cor-
rect and incorrect spectrum annotations. Additionally, BoltzMatch does
not require manual instrument-specific and experiment protocol-based
parametrization such as the specification of the secondary fragmenta-
tion ions such as a ions, nor does it need manual weight calibration for
the matching peaks (unlike XCorr). Unfortunately, BolztMatch is not
capable of considering loss peaks conditionally for certain amino acids.
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