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Abstract

Motivation: Cross-linking tandem mass spectrometry (XL-MS/MS) is an established analytical platform used to determine distance constraints
between residues within a protein or from physically interacting proteins, thus improving our understanding of protein structure and function. To
aid biological discovery with XL-MS/MS, it is essential that pairs of chemically linked peptides be accurately identified, a process that requires:
(i) database search, that creates a ranked list of candidate peptide pairs for each experimental spectrum and (ii) false discovery rate (FDR) estima-
tion, that determines the probability of a false match in a group of top-ranked peptide pairs with scores above a given threshold. Currently, the only
available FDR estimation mechanism in XL-MS/MS is the target-decoy approach (TDA). However, despite its simplicity, TDA has both theoretical
and practical limitations that impact the estimation accuracy and increase run time over potential decoy-free approaches (DFAs).

Results: We introduce a novel decoy-free framework for FDR estimation in XL-MS/MS. Our approach relies on multi-sample mixtures of skew
normal distributions, where the latent components correspond to the scores of correct peptide pairs (both peptides identified correctly), partially
incorrect peptide pairs (one peptide identified correctly, the other incorrectly), and incorrect peptide pairs (both peptides identified incorrectly).
To learn these components, we exploit the score distributions of first- and second-ranked peptide-spectrum matches for each experimental
spectrum and subsequently estimate FDR using a novel expectation-maximization algorithm with constraints. We evaluate the method on ten
datasets and provide evidence that the proposed DFA is theoretically sound and a viable alternative to TDA owing to its good performance in
terms of accuracy, variance of estimation, and run time.

Availability and implementation: https://github.com/shawn-peng/xIms

1 Introduction

Cross-linking mass spectrometry (XL-MS) proteomics has
emerged as a key technique in molecular and structural biology,
particularly for an exploration of protein assemblies and pro-
tein—protein interactions under native cellular conditions (Sinz
2003, 2006, Yu and Huang 2018, Piersimoni ez al. 2021). In a
typical experiment, a chemical reagent (linker) capable of form-
ing covalent bonds with side chains of specific residues (e.g. ly-
sine) on each end, is first introduced to the protein mixture.
The sample is then digested and processed using liquid chroma-
tography (LC) coupled with tandem mass spectrometry (MS/
MS) to identify pairs of inter- or intra-protein cross-linked pep-
tides. Since the chemically linked residues must be located
within the distance of the spacer arm of the linker (e.g. 10—
30A), the experiment provides a set of distance constraints that
can be key to resolving protein structure and interaction sites,
often in combination with other techniques (Rappsilber 2011,
Piersimoni et al. 2021). However, XL-MS also offers distinct
advantages including the rapid interrogation of protein iso-
forms, post-translationally modified proteins, membrane pro-
teins, and disordered proteins (Piersimoni et al. 2021). The
digestion step in XL-MS/MS further removes restrictions on the
protein size, localization, or conformational landscape, al-
though the dynamic range of modern analytical instrumenta-
tion still limits the studies to relatively abundant proteoforms.
Despite its promise, XL-MS/MS has not fully matured and
a number of challenges remain (Piersimoni et al. 2021). One

key challenge is related to the data processing pipelines, par-
ticularly the computational and statistical difficulties associ-
ated with the identification and quantification of cross-linked
peptides (Yang et al. 2012). XL-MS/MS peptide identifica-
tion follows a similar workflow to the traditional MS/MS
(Steen and Mann 2004). The first step is database search
(Yates et al. 1995, Perkins et al. 1999, Kim and Pevzner
2014, Kong et al. 2017), where the experimental spectra
from the instrument are searched against a database of theo-
retical spectra of peptides (peptide pairs in XL-MS/MS)
whose mass (sum of masses, including the linker), is within
the instrument’s tolerance of the measured mass. This produ-
ces a ranked list of peptides (peptide pairs) for each experi-
mental spectrum, or peptide-spectrum matches (PSMs), with
only the top-ranked PSM eligible for downstream identifica-
tion if its score is sufficiently large. The second step is a pro-
cedure devised to control the error rate of identifications
(Storey 2002, Choi and Nesvizhskii 2008, Aggarwal and
Yadav 2016, Burger 2018), with the objective of determining
the threshold above which all top PSMs will be considered
identified with the false discovery rate (FDR) below a prede-
termined value, e.g. FDR =1%.

In XL-MS/MS, both steps add complexity to the traditional
pipeline. For example, an XL-MS/MS search engine must
scan a database of peptide pairs instead of single peptides
(Rinner et al. 2008, Hoopmann et al. 2015, Ji et al. 2016,
Netz et al. 2020), thus increasing the run time (quadratically)
and the competition for each experimental spectrum.

© The Author(s) 2024. Published by Oxford University Press.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https:/creativecommons.org/licenses/by/4.0/), which
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

¥20zZ AInr 1.0 uo 1senb Aq 96800, ./82/1 Jusws|ddng/0f/a]01E/SOIeUIoUIOl/W oo dNo olWapeok//:SdNy woly papeojumoq



An algorithm for decoy-free false discovery rate estimation

Similarly, FDR control is more difficult in part because the
incorrect identifications include PSMs where both peptides in
a pair are incorrectly identified and also PSMs where one
peptide is correctly identified and the other is not
(Walzthoeni et al. 2012). Depending on the fragmentation
patterns and the search engine, these so-called partially incor-
rect identifications can have relatively high scores. Overall,
the increased search space and the complexity of error con-
trol both contribute to the smaller fraction of identified spec-
tra compared to the traditional MS/MS, for the same
estimated FDR (Piersimoni et al. 2021).

To control for FDR, traditional MS/MS platforms rely on
both target-decoy (TDA) and decoy-free (DFA) approaches,
with TDAs being the preferred option. TDAs typically search a
database of peptides that are potentially present in the sample
(target sequences) together with an equal-sized set of peptides
that cannot be present in the sample (decoy sequences; often
reversed target sequences). The high-scoring decoy PSMs are
then used to estimate the number of false target identifications
(Elias and Gygi 2007, Jeong et al. 2012). In contrast, DFAs
typically fit two-component mixture models to the distribution
of top PSM scores, where one of the latent components corre-
sponds to the correct and the other to incorrect identifications.
The expectation-maximization (EM) algorithm is then used to
resolve the component distributions using parametric families
such as Gaussian, gamma, or skew normal (SN) (Keller et al.
2002, Li 2008, Peng et al. 2020). In contrast, TDA is an exclu-
sive error control mechanism in XL-MS/MS (Walzthoeni et al.
2012) and the absence of DFAs may be due to the fact that the
set of top-ranked PSM scores cannot be easily modeled using
parametric two-component mixtures, especially the heteroge-
neous distribution of incorrect PSMs.

Despite their simplicity and prevalence in a standard work-
flow, TDAs exhibit important theoretical and practical limi-
tations (Kall et al. 2008a,b, Gupta et al. 2011, Cooper 2011,
2012, He et al. 2015, Danilova et al. 2019, Peng et al. 2020).
Theoretically, FDR estimates can be >1, and likewise, the
strategy of competing target with decoy peptides for the
available experimental spectra is problematic and may lead
to biased estimates. Practically, the search time for TDA is in-
creased, it cannot be applied to de novo searches (Dancik
et al. 1999, Frank and Pevzner 2005), it shows high-variance
of the score cutoffs at low FDR (Peng et al. 2020), and the es-
timation is inaccurate for the samples with low amounts of
biological material (Li et al. 2015, Budnik et al. 2018, Peng
et al. 2020). The problems with run-time are further ampli-
fied in XL-MS/MS, quadrupling the search times over those
that could be achieved with DFAs.

To address these problems, this study introduces a novel
DFA for FDR estimation in XL-MS/MS. We exploit the score
distributions of top-ranked and second-ranked PSMs, and
model them as five-component mixtures (with shared param-
eters) from the SN family. We then devise a multi-sample EM
algorithm with constraints to resolve the latent components.
Our results show that this method holds promise for enhanc-
ing the accuracy and reliability of XL-MS/MS studies and is
an attractive alternative to TDAs.

2 Background
2.1 Terminology and notation

Let X = {x;} be a set of spectra collected from a mass spec-
trometer and P = {(pa,pp);} a set of candidate pairs of
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(sorted) peptides. A search engine produces a set of triplets
(x, (DasPp),s) € XX PXR, where s is the score assigned to
the PSM (x, (P, pp)). The higher the score, the more likely
that the spectrum x was generated from (p,, ps).

Let now x be generated from an unknown peptide pair
(9asqp) and let ((x, (Pa;Pp)y,s1), (%, (Pa, Pp)ss52),---) be a
ranked list of PSMs from a search engine for x such that
s1>s2> and so on. A PSM (x, (pg,pp)) for which (p,,pp) =
(Qas qp) is called the correct match. If only one of the peptides
matches the ground truth, we refer to these as partially incor-
rect matches, whereas all other PSMs involving x are called
incorrect matches. Furthermore, given the ranked list of
PSMs, the PSM with the highest score, (x, (P4, pp);), is called
the top-ranked or first PSM, (x, (pa,pp),) is called the
second-ranked or second PSM, etc. We similarly distinguish
between partially incorrect and incorrect PSMs.

An MS/MS analysis pipeline looks at top-ranked PSMs and
determines a threshold 7 such that the pair of peptides
(Das pp) from each top hit (x, (pa, pp)) is considered identified
when the score s from (x, (pa, pp), s) satisfies s > 7. If, further,
(DasPp) = (qasgp), it is considered to be the correct identifica-
tion. The threshold = must be established to satisfy a desired
estimated FDR for the biological study.

2.2 Skew normal distributions

Azzalini (1985) introduced the SN family of distributions as
a generalization of the normal family that allows for skew-
ness. It has a location (u), a scale (6), and a shape (1) parame-
ter, where 1 controls for skewness. The distribution is right
skewed when 1 > 0, left skewed when 1 < 0, and reduces to a
normal distribution when 1= 0. The probability density
function (pdf) of a random variable S~ SN(u,0,4) is
given by

f(s;u,0,2) —%d)(S_T”)qD(M), seER,

o

where i, 1 € R, 6 € RT, ¢, and @ are the pdf and the cumula-
tive distribution function (cdf) of N(0,1), respectively.
Alternatively, SN family can be parameterized by A and T
(Table 1), instead of 1 and ¢. The alternate parametrization
naturally arises in the following stochastic representation of a
SN random variable (Henze 1986)

S~ SN(u,0,2) = SZu+ AT +TV2U, (1)

where T ~TN,(0,1), the standard normal distribution is
truncated below 0; U ~ N(0, 1); 2 reads as “equal in distri-
bution”. The stochastic representation is exploited in devel-
oping EM algorithms for maximum likelihood estimation of
SN distributions and their mixtures (Lin et al. 2007,

Lin 2009).

Table 1. Relationship between the alternate and canonical
SN parameters.

Alternate parametrization Related
Canonical — alternate Alternate — canonical Quantities
— — _

A =05 A =sign(A)\/A2/T 57\/1+7
I'=02-A2 o= VI+A2
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2.3 Target-decoy FDR estimation

In a TDA, the spectra X are searched against a concatenated
database of target and decoy sequences. To estimate the FDR
at a threshold 7, Walzthoeni et al. (2012) derived the follow-
ing expression

FDR(7) & L(?T‘(?)D(T) ,

where TT(z) is the number of (top) PSMs matched to target
sequences for both peptides, TD(z) is the number of PSMs
with exactly one peptide matched to decoy sequences, and
DD(z) is the number of PSMs with both peptides matched to
decoy sequences.

3 Data and database search

We downloaded ten XL-MS/MS datasets from the
PRoteomics IDEntifications (PRIDE) database (Perez-Riverol
et al. 2022), as shown in Table 2. The data were downloaded
as raw spectra. We used ProteoWizard to convert the raw
spectra into peaks files in the .mzML format. After the peaks
were identified, we used OpenPepXL (Netz et al. 2020) to
run a search for each file against the protein sequence data-
base as described in the original paper. For each file, we ran
two searches, one with decoy sequences for TDA experiments
and another without decoy sequences for DFA experiments.
To run a TDA search, we concatenated the original database
with reversed protein sequences. The search parameters for
each dataset were also identical to those in the origi-
nal papers.

After the search was completed, we extracted the scores for
the top two PSMs corresponding to each experimental spec-
trum. If a spectrum only matched one candidate peptide pair,
we marked the second score as missing. If the top two candi-
dates for one spectrum had the same peptides but differed on
the position of cross-linked residues, we retained only the top
one and promoted the third scoring peptide pair, if available,
to the second position.

4 Methods

4.1 Approach

To estimate the FDR in an XL-MS/MS search, we build on
our mixture approach for the traditional LC-MS/MS search
(Peng et al. 2020). The proposed method uses a mixture of
SN distributions to model the PSM scores not only for the

Table 2. Summary of datasets and search parameters used in this study.

Peng et al.

top hits but also for the second hits to improve the estimation
of the latent components.

Let S; and S; be random variables giving the top and sec-
ond PSM scores for a spectrum, respectively, where S; and S,
could be coming from a correct match (the two chains
matched to the correct peptide pair), partially incorrect
match (only one chain matched to the correct peptide) and an
incorrect match (both chains matched to incorrect peptides).
We define C as the random variable giving the score corre-
sponding to the correct match; J; and ], as those for the high-
est- and second-highest-scoring partially incorrect matches,
respectively; Iy and I, as those for highest- and second-
highest-scoring incorrect matches, respectively. Note that Sy
and S, are observed in the data, whereas C, [, J», I1, and I,
are not observed (latent). Our approach for FDR estimation
relies on modeling §; and S, as mixtures of C, J1, ]2, I1, and
I, as latent components, and fitting the data to uncover their
distributions. As justified by our experimental results, incor-
porating the second score has advantages over a model based
on the top score only. We model each latent variable using a
SN distribution, i.e. C ~ SN(Hc), Ji~ SN(QJI), Jo~ SN(QJZ),
I ~ SN(6,), and I, ~ SN(6y,), where 0y = (uy, oy, ly) con-
tains the SN parameters, for Y € Y = {C, ]}, ], 11, o }.

We next describe our model and estimation algorithm fo-
cusing on the approach that uses both top- and second-
ranked PSMs. In Section 5, however, we evaluate this algo-
rithm against a one-sample model that only relies on the top-
ranked PSMs and TDA.

4.2 Two-sample statistical model

We model S as a mixture distribution of SN(6¢), SN(6y,),
and SN(6,) as components, since the top score can only
come from the correct match (C), top-scoring partially incor-
rect match (J1), or the top-scoring incorrect match (I;). Now,
S, may also come from C (when Sy # C), J; (when S # J1),
and I; (when S; # I;). However, it can alternatively come
from J, (when S; = J; and J, is greater than C,I; and I,) or
I, (when S; = I and I, is greater than C,J; and J,). Hence,
we model it as a mixture of SN(6c), SN(6),), SN(6y,),
SN(6,), and SN(6y, ). Formally,

Sy~ M/CSN(H(;) +wy, SN(@L) + M/IISI\I(QI1 ),
Sy ~ UCsN(Qc) + vy, SN(()J] ) + vy, SN(HJZ)
+ vy, SN(@II )+, 51\1(912)7

where wx >0 and > ywx =1for X € {C,];,I1} and vx >0
and Y yvx =1for X € {C,];,],,11,1,} give the mixing pro-
portions (weights) of the components within the mixtures.
The sharing of SN(6c), SN(6y,), and SN(6y,) between the two

Name PRIDE ID Organism Cross-linker Precursor tolerance Fragment tolerance Number of spectra
Alott PXD032037  H. sapiens DSS 10 ppm 20 ppm 505791
Alinden PXD031985 H. sapiens BS3 20 ppm 20 ppm 301826
CPSF PXDO031242 H. sapiens DSS 10 ppm 20 ppm 198385
D1810 PXDO013470 A. thaliana DSS 10 ppm 20 ppm 360259
MS2000225 PXD022119 H. sapiens BS3 10 ppm 20 ppm 53918
QE PXD014738 C. thermophilum DSS 10 ppm 50 ppm 187039
RPA PXD028637 S. cerevisiae BS3 S ppm S ppm 8826
Alban PXD033409 H. sapiens DSS 10 ppm 20 ppm 31659
Ecoli PXD003381 E. coli DEST 5 ppm 5 ppm 277748
Peplib PXD014337 S. pyogenes DSS 10 ppm 20 ppm 98070

All datasets are available from PRIDE (Perez-Riverol et al. 2022).
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mixtures allows incorporating information from both scores
to learn the parameters 6c, 0j,, and 6y,. The additional com-
ponents, SN(6;,) and SN(6,), in the second mixture and the
differing mixing proportions allow capturing the distribu-
tional differences between S and S,.

4.3 Constraints

In addition to the mixture formulation with parameter shar-
ing, we incorporate inequality constraints on the mixing pro-
portions (weights) that naturally emerge due to the latent
structure between the top two scores. Additionally, we incor-
porate intuitive constraints between the density functions of
the latent variables.

4.3.1 Weight constraints

Due to the nature of the relationship between the top two
scores from the same spectra, they cannot come from the
same component. Furthermore, the second score can be [, or
I only if the top score comes from J; or I, respectively.
These observations lead to several inequality constraints be-
tween the mixing proportions. For example, when the top
score comes from C, the second score has to come from I; or
J1 and cannot be I, or ], because they are lower than I} and
J1, respectively. This implies that the proportion of C in the
top score is upper bounded by the sum of the proportions of
J1 and I in the second score, i.e. wc <vy, +vj,. The con-
straint set A below was derived in this manner.

Constraint set B

wc < 1/']1 + U,I] +ve

wy, < U/C + 1/JZ + 1/’1l +ve
wy, Sve+vp +vy, +ve
ve Swy, +wy,

vy Swe+wy

Constraint set A
wc <y, +vy

wy, Svc +vy, +uy
wy, Sve+vy g
ve Swy, Ty

vy, Swe +wy,

v, Swe +wy,

vy, < wy,

v, Swry,

v, Swe -+,
vy, Swy,

I//Y =(1-ve)vy

v, Swiy,

In our implementation, we modify the constraint set A to
account for the cases where the search gives only a single
match for a spectrum; i.e. when the second score is missing.
We, however, observed that the second scores are not missing
at random. Missing second scores occur preferentially at the
left tail of the top-score distribution; see Supplementary
materials. Due to non-random missingness of the second
score, the constraint set A becomes invalid. To address this is-
sue, we derive the constraint set B which gives a set of valid
constraints, irrespective of the non-random nature of the
missing second scores (derivation in Supplementary materi-
als). The constraints explicitly incorporate the proportion of
the spectra with missing second scores, v, as a constant. All
second-score mixing proportions are scaled and included as
U,Y = (1-v¢)vy,VY €Y, for brevity. We will incorporate the
constraint set B in our algorithm.

4.3.2 Density constraints

In addition to the constraints between mixing proportions, we
also enforced constraints between the density functions of the
components in a pairwise manner. Since the correct scores have
higher values than partially incorrect scores on average, we ex-
pect the mode of the C density to be higher than that of J;. We
similarly expect C (/1) to have a higher density at any given point
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in its right (left) tail compared to J; (C); we also expect such rela-
tionships between other pairs of densities such as C and Iy, J;
and Iy, J; and J; and Iy and I. We formalize such constraints
between a pair of densities, f and g, using a strict partial order
f > g (f dominates g) defined by the following constraints

mode(f) > mode(g)
f(x)>g(x), Vx>mode(f)
g(x)>f(x), Vx<mode(g),

where mode(f) = argmax,f(x) is the mode of density f. We
enforce the following pairwise constraints in our approach

fc =ty = hs fno= fus -

Due to transitivity of the strict partial order, the following or-
dering of the densities holds: fc > fj, > f;, > fi, > fi-

4.4 Algorithm

We derive an EM algorithm-based maximum likelihood estima-
tion with several weight and density constraints to capture the
structure inherent to XL-MS/MS data. To enforce the weight
constraints we convert the so-called Q-function in the maximi-
zation step of the EM algorithm into a Lagrangian function
with additional terms and parameters for the constraints. The
density constraints are enforced in each step by performing a bi-
nary search between the old and the new parameters.

4.4.1 Derivation of the Q-function
We first write the log-likelihood function for the model as

L) = ZSIES1 log (EXEX wxfsn(s1; ()X))
+ Z log (ZUYfSN(Sz;Hy)), (2)

$HES, YeyY

where X ={C,J;,I1} and Y ={C,]J;,]J,,11,1x}. Variable { =
H{wxtxex: {vy}yeys {0y }yey} contains all model parameters.
Next, we introduce the hidden variables for the EM framework.
Let {Wx(s1) }xex and {Vy(s2) }ycy be two sets of binary varia-
bles giving the source component for s; and s,, respectively. If s
(s2) comes from component X (Y), Wx(s1) =1 (Vy(s2) = 1),
otherwise Wx(s1) =0 (Vy(s2) = 0). Each score, given its com-
ponent affiliation, is an SN variable and consequently has an as-
sociated TN, (0, 1) variable from its stochastic representation
(Section 2.2), one for each component it may come from. Let
{Tx(s1)}xex and {Ty(s2)}ycy be the set of such TN, (0,1)
variables for s; and s,, respectively. Omitting s; and s, as argu-
ments of Wx(s1), Vy(s2), Tx(s1) and Ty(sz), the complete data
log-likelihood up to an additive constant in { is given by

2
Cal®) = 3 3 Wi g - 2T )

s1€8; XeX

s, Ty, T2, 0
+ ZZW(IOng——q(Z Yz X Y)),

$ES, YeY

where  q(s,t,7,0) = logT + c-w? _2<5_’1‘.)AH<A2 D The
QO-function for the EM algorithm is defined as the conditional
expectation of Leyp(C) given the observed data (S1,S;), com-
puted using the current estimate of the parameters, {. The hid-
den variables {Wx(s1)}xex> {Vy(s2)byeys {Tx(s1)}xex> and
{Tx(s2)}yey are the random quantities in Lemp(¢). Thus, the

¥20zZ AInr 1.0 uo 1senb Aq 96800, ./82/1 Jusws|ddng/0f/a]01E/SOIeUIoUIOl/W oo dNo olWapeok//:SdNy woly papeojumoq



432

expectation is taken with respect to their conditional distribu-
tion given Sy and S,. The current parameters, ¢, are only used
for taking the expectation and they do not replace the parame-
ters in the expression for Ly (£). Consequently, the Q-function
is a function of both ¢ and . It is given by

Q(Lle) = Z Z ox(s1) <10g wx — w>

s1€81 XeX

+ 3 Zvy(sz)(long_ w>

$6S; YEY

where Q(S7 0, 9) = q(S, & (57 9), 52(5a 0)’ 6)’ & (57 9) and 52(57 9)
are the first and second moments of a truncated normal distri-
bution, respectively, as defined in Table 3; @x(s1) (Tx(s2)) is
the probability that s; (sz) comes from X (Y) under the cur-
rent parameters (Table 3). The EM approach relies on finding
new parameters, {, at each iteration, that increase the Q-func-
tion, ie. Q(0)>Q(|), to indirectly increase the log-
likelihood (Equation 2).

4.4.2 Component parameter updates

To update the component parameters {0y }y.y, we adopt the
Expectation Conditional Maximization (ECM) approach of
optimizing Q({|{) one parameter at a time, as it leads to sim-
pler closed-form update equations without compromising the
monotonicity of the Q-function and the log-likelihood (Meng
and Rubin 1993); see Supplementary materials. Taking the
partial derivative of Q({|{) with respect to py, Ay and 'y and
equating them to 0, gives update equations below.
ForY € {C,], i},

Z @y (s1)my(s1, Ay) + Z Dy (s2)my (s2, Ay)

ﬁ _ 8 ES[ SzESz
Yy = - -
Z oy(s1)+ Z vy(s2)
sleSl SzESZ
> @v(s1)dy(siyiiy) + Y y(s)dy(sa, fiy)
AY _ s1€51 $2ESy
D ov(s1)&(s1,0v) + Y Dx(s2)é(s2,0v)
S1 ES[ 52€S2
> Dy(s)8y(snfiy, Ay) + Y Dx(s2)8y(s2,jiy, Ay)
1—2 51684 $€S)
y = ,
> @y(s)+ Y vx(s2)
$1€8 $HES,

where 7iy(s,A),dy(s,u) and gy(s,u,A) are defined in
Table 3. For Y € {J,,b},

jiy = D ses, EY(SZ)_Wy(sz,XY)
Dses, Vy(s2)

Ys,es, DY (52)dy (52, jiy)

Y ses, VY(52)62(s2,0y)

Yoes, DY (2)8y (52, fiy, Ay)

ZSZESZ Uy (52)

Ay =

I'y=

The new component parameters are guaranteed to not de-
crease the Q-function; see Supplementary materials. Note

Peng et al.

Table 3. Useful quantities for the parameter update equations.

— _ _ Wxfn(sibx)
(UX(S]) - XEXExfsN(SHE'X)
l_/Y(SZ) Tyfon(s2:0v)

my(s, A) = s—& (s, 0y)A

dy(s,p) = &(s,0y)(s—p)

By (s, A) = (s=p)*=28¢/ (s, 0) (s—p)+ A%, (5,0y)
For T, ~ TN, (@ = & (s=),y? = 1-8%),

&1(s,0) = E[T.] = a+w § (a/y)

&(s,0) = E[T?] = &y’ +ay § (a/y)

The quantities accented with have the current estimates of all parameters,
contained in {, as an implicit argument. Component specific quantities are
subscripted by the component placeholder X or Y. X € X = {C, J;,I; } and
YeY={C]J,J,,Ii,L,}. Parameters 6, A, and T are related to the
canonical SN parameters ¢ and 4 as per Table 1. TN, (@, y?) represents
truncated normal distribution truncated below 0; & and w? are the location
and scale parameters, respectively. E represents the expectation operator.
% (/) is the ratio of the pdf and the cdf of N(0, 1) evaluated at a/w.

that for each component Y, its three parameters should be
updated in the order, jiy — Ay — T'y, due to dependencies
among the equations.

4.4.3 Pairwise density constraints

To enforce the pairwise density constraints we developed a
binary search procedure (Supplementary materials) which
is applied whenever a component density parameter
(wy, Ay or Ty) is being updated with the new parameter
from Section 4.4.2 as a candidate. Specifically, in case of
Uy, if the new parameter, jiy, violates a pairwise density
constraint involving component Y, a binary search is per-
formed on the line segment connecting fiy, and jiy to find a
feasible point, gy (not violating the constraints), closest to
jiy. A binary search is similarly performed when updating
Ay and T'y. This approach is guaranteed to give feasible
parameters at each iteration provided the first set of com-
ponent parameters are feasible; see Supplementary materi-
als and Section 4.4.5. The parameters obtained from the
binary search are also guaranteed to not decrease the
QO-function; see Supplementary materials. Pairwise density
constraints are efficiently evaluated as described in
Supplementary materials. Note that if jiy (Ay) is not feasi-
ble, then the feasible iy (Ay), from the binary search, is
used in the subsequent parameter updates of Ay and 'y in
Section 4.4.2.

4.4.4 Weight updates under constraints

We update the weight parameters, {wx}x.x and {vy}yey,
by optimizing Q(¢|¢) under the weight constraint set B and
the standard mixture constraints, > y.xwx =1 and
> vey vy = 1. Using the Karush-Kuhn-Tucker (KKT) ap-
proach for constrained optimization leads to the following
Lagrangian objective.
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O y.m) = Q) + 71 (Xxextwx = 1) +72(Xyeyry - 1)

+my (wy, +wr, —ve) +m(we +wy, _Ujl)
+n3(we +wy, —vy) +n4(wy, —vy)

+ 55wy, —viz) Jriyé(zfj1 Jrvil +ve —wg)
+17(ve + vy, vy, +ve —wy,)
+ng(ve + ), v, +ve —wr,),

(3)

where vy = (1 -ve)vy; ¥ = {r1,7,} and n = {;1,-}?:1 are the
KKT multipliers for the equality and inequality constraints,
respectively. The KKT conditions lead to the following
equations.

Ec(sl)
D e, +y1+n+n3-ns=0

wc
wj, (s1)
D siess ;UJ +tritmtnst+na—n;=0
1
w1 (51)
PO L]UI tritmAmtns—ng =0
1
vc(s2)
2 sess +ro-nm+ny;+ng=0
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vy, (s2)
Y oes ;J +yy—m+ng+ng =0
1

l/[ (Sz)
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l

vy, (s2)
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ZszESZ :
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)

N4 (wy, = U,JZ)
L)

)

)

)

]
pooooooo

s (wlz —V

’76(1’] + 1/11 +ve —wc

n7 (vC + Z/J +oy, +ve —wy,
g (Z/C + z/J +u, +ve —wy,

As per the KKT theory, the solution, [i,,7,1], to the
above system of equations gives the optimum mixing propor-
tions, [t¢, ], maximizing Q(¢|{) and also satisfying the con-
straint set B and the standard mixing proportion constraints.
Note that the last eight equations, arising from the inequality
constraints, require special consideration. For example,
i (wy, +wy, —ve) =0 implies that one of the two equations,
n =0 and wy, +wy, —ve =0, are satisfied. 7, =0 inacti-
vates ve Swj, +wy,. It covers the case when the inequality
ve <wyj, +wy, does not need to be enforced explicitly. The
optimal feasible solution lies in the interior region of the in-
equality and already satisfies it. 75, #0 activates
ve = wy, +wi,. It covers the case when the optimal feasible
solution lies on the boundary of the inequality and conse-
quently, it is enforced as an equality constraint. A practical
implementation would require first solving the equations
with 7; = 0. If a feasible solution is obtained, it is optimal. If
it violates the inequality, then the correct solution should lie
on the boundary and consequently, wj, + w1, v = 0 is in-
cluded in the system of equations to be solved.
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Since there are multiple inequality constraints, finding the
optimal solution would require an exhaustive search by solv-
ing all possible systems of equations obtained by equating
each subset of {#,}}_, to 0. This would lead to 256 different
systems of equations. This approach is prohibitively expen-
sive since the equations are solved in each iteration of the EM
algorithm. As a practical solution, we adopt a greedy ap-
proach, where we first solve the system of equations without
explicitly enforcing any inequality constraint, i.e. 7, =0,
i=1,2...8. If none of the inequality constraints are vio-
lated, it gives the optimal solution. If any inequality con-
straint is violated, we run the system of equations with each
of the violated constraints as active, separately, i.e. a single 7
parameter is non-zero. If a feasible solution is found, it gives
the optimal solution. If no feasible solution is found, we run
the system of equations again with two violated inequality
constraints as active; i.e. exactly two 5 parameters are non-
zero. Proceeding in this manner, we next check 3,4,... 8 ac-
tive inequality constraints, if necessary. In all our experiments
a feasible solution was obtained with a maximum of two ac-
tive inequality constraints. Note that due to the inequality
constraints, the updated weight parameters are not guaran-
teed to maintain the monotonicity of the Q-function and the
log-likelihood in each iteration. However, experimentally we
still observe the log-likelihood to increase over multi-
ple iterations.

4.4.5 Parameter initialization

To generate a diverse set of initial parameters, we adopted a
random initialization approach. First, a normal distribution
is fitted to the top scores, with u and o being the fitted param-
eters. Then five points are sampled randomly from N(y, )
and sorted. They are used to initialize the location parameters
Hes Hy,s My, Hry> and gy, of the five SN components, assigned
in that order. This approach makes it likely that the modes of
the component densities follow the ordering described in
Section 4.3.2. The scale parameter of the Y € Y component,
oy, is uniformly picked from [6/4,¢]. To initialize the skew-
ness parameters, first, a 1o € {1,2,5} is picked. Then the ab-
solute value of component Y skewness parameter, ly, is
uniformly picked from [1/4¢, A0]. The sign of the ¢ is initial-
ized to be positive. The sign of 4j,, 4, and 4y, is initialized to
be negative. 4;, is assigned a positive value in one initializa-
tion and a negative value in another. In this manner, two ini-
tializations with identical parameters, except the sign of 1j,,
are obtained. If the initial parameters thus obtained violate
the density constraints, they are discarded and resampled.
Varying the value of 1y in {1,2,5}, six initializations are
obtained. In each initialization, the mixing proportions
wc,wy, and wy, are set equally to 1/3. v¢ is set to 0.001, since
the second score is expected to have a small number of cor-
rect hits. vy, v}, v1,, and vy, are set equally to 0.999/4. Unlike
the density constraints, it is not necessary for the initial
parameters to satisfy the weight constraints.

We ran the above sampling procedure 40 times, resulting
in 240 = 40 x 6 initilaizations. After running our algorithm
once for each initializations, we pick the solution attaining
the maximum log-likelihood (Equation 2) among them.

4.4.6 Single-sample model

We also considered a single-sample model that only incorpo-
rates the top score as a three component mixture, i.e.
S~ wCSN(HC) +wy, Sl\I(QJl ) +wr, SI\](HI1 ) The weight
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constraints are not applicable to this model. However, the
density constraints fc > f;, and fj, > fi, are enforced. The pa-
rameter update equations for this model are given in
Supplementary Materials. Similar parameter initialization ap-
proach and the same number of restarts as the two-sample
model were used for a fair comparison.

4.4.7 FDR estimation

The FDR of the fitted mixture model, at a given threshold ,
can be estimated as

FDR(z) = wy,p(Ih >7) +wy p(J1>7)
p(S1>7)
est whSSN(T; 911) —I—M/J] SSN(T; 0_]])
wcSsn(z; 0c) + wr, Ssn(7; 01, ) +wy, Ssn(7;6y,)

where Ssn(7;0) = 1 - Fsn(r;0) is the SN distribution survival
function; Fsn(z;0) = @(5F) =20(5#, 2) is the SN distribu-

tion cdf; @ is the cdf of N(0,1) and O is Owen’s T function,
computed approximately (Young and Minder 1974).

5 Results

We carried out experiments on ten datasets (Table 2) and in-
vestigated the quality of fit, variance of estimation, and the
number of identified peptides as a function of esti-
mated FDR.

5.1 Quality of modeling

The quality of fit is shown in Fig. 1 for five selected datasets; for
all datasets, please refer to the Supplementary materials. In each
case, the first two rows show the results of the two-sample
model, i.e. joint modeling of the distributions of the top-ranked
PSMs (blue histogram) and the second-ranked PSMs (green his-
togram). The third row shows the one-sample approach, i.e.
when only the distribution of top-ranked PSMs is considered.
Overall, the fit is excellent, indicating that the SN distribution
was a reasonable choice for modeling competition between

Peng et al.

PSMs, which is a theoretically grounded result (Arellano-Valle
et al. 2006).

Compared to the TDA, the two-sample model gives com-
petitive results. The 1% FDR threshold, shown by vertical
lines in Fig. 1, is similar in four out of ten datasets (D1810,
Peplib, RPA, QE). For other datasets, the two-sample
method gives a different 1% FDR threshold, which is some-
times more permissive and other times more strict than the
TDA threshold. By visual inspection and observation of some
MS/MS spectra, we concluded that the two-sample solution
may in fact be advantageous. The ALott dataset is an interest-
ing case as our model leads to a more permissive FDR estima-
tion. We have inspected multiple PSM identifications and
concluded that the FDR =1% threshold may in fact be closer
to the one estimated by our method because, at least in some
cases, the experimental spectra appear to be mixtures of two
different pairs of cross-linked peptides with very similar total
masses. Other cases of high-scoring second PSMs appear to
correspond to the top PSMs with even higher scores. This de-
pendency in the latter case cannot be easily modeled by the
mixtures of distributions and is a limitation of our approach.

The one-sample model provides relatively good results, of-
ten with an even better log-likelihood than the two-sample
model; however, the lack of the second sample in parameter
learning leads to a considerable error in distribution place-
ment and, consequently, FDR estimation. One such example
is the Alinden data where the 1% FDR threshold of 195 is
lower than the TDA’s threshold of 230 and the two-sample
model’s threshold of 247. This result is problematic because
the tail area of the score distribution of the second-ranked
PSMs (that this model is not considering) above 195 is quite
large and cannot be attributed to the correct PSMs.
Therefore, this model is clearly inferior to the two-sample
model in its quality of fit.

We used constraints to control the relative placement of
the component distributions. For example, the correct com-
ponent should take the rightmost part of the score distribu-
tion of the top-ranked PSMs as they should have higher mean
values than incorrect or partially incorrect matches.

Ecoli Peplib Alinden D1810
i(I1=-5.447 r=-5.211 Il =-4.872 Il =-4.997
] ] L 1 ]
| n i i i
— 11 1 1 1
5] —s1 i i i
] 1 1
/ 1 1 1
] 1 1 1
\ 1 1
1 1 1
c Il =-5.263 Il =-4.835 Il = -4.645 Il =-4.863
Ji!
— 2
G1—n
— 12
1 — 52
g L
i(Ir=-5.447 Il = -5.210] (I'=-4.870 (I'="-4.996] (Ir=-4.938] 10
: i : Tt T fos
] 1 1 1
1 1 I ! F0.6 o
@ i i i i g
1 r 1 I 1 F0.4
: ' : :
r H I 1 F0.2
: N N I
0 100 200 300 0 100 200 300 0 100 200 300 -100 0 100 200 0 100 200 300
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Figure 1. The quality of the fit is visualized for five datasets (columns), with the remaining ones available in the Supplement. The data is shown as
histograms, with blue representing top-ranked and green representing second-ranked PSM scores. The mixture components are plotted separately and
each density is weighted by its mixture weight estimated by the model as described in Section 4. 1SMix and 2SMix are the one-sample and two-sample
mixture models, respectively. The vertical solid line is showing the 1% FDR threshold given by the mixture model, while the vertical dashed line is
showing the 1% FDR threshold given by TDA. The average log-likelihood of the fitted model on each sample is shown on the upper right corner. FDR

curves are shown in blue with the y-axis and its scale shown on the right.
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Figure 2. Stability of the 1% FDR threshold estimation on selected
datasets. The stability of the methods was compared using 50 bootstrap
samples on which the 1% FDR thresholds were estimated, as shown on
the y-axis of each plot. The larger spread of a boxplot indicates lower
stability. Bootstrapping was performed on the set of original

mass spectra.

Similarly, when both the top hits and second hits are partially
incorrect, they should have a similar shape of the distribu-
tion. While this was not enforced by the constraints, we ob-
served that the first and second partially incorrect
distributions indeed have similar shapes as well as that the
second partially incorrect distribution had a lower mean than
the first partially incorrect distribution.

5.2 Variance of the FDR threshold

We used fifty bootstrapping (Efron and Tibshirani 1986)
experiments to study the variance of estimated 1% FDR
thresholds (Fig. 2). In most cases the two-sample model gives
a stable threshold, although TDA performs well on large
datasets such as Alinden. This is expected and is the case
when TDA assumptions are likely to be satisfied (Elias and
Gygi 2007). The larger variance of the 1% FDR thresholds in
the one-sample mixture suggests an identifiability issue,
which is mitigated by incorporating the second sample and
the weight constraints.

5.3 Spectral identifications

Figure 3 shows the number of identified PSMs as a function
of estimated FDR thresholds. We first observe that our model
generates smooth curves, which is desirable. In some cases,
the two-sample model shows great agreement with the TDA
suggesting that decoy data may not give any information that
is not already incorporated by the DFA. Examples of such
cases are Ecoli and D1810 datasets. Interestingly, however,
the bootstrapping results on these datasets show increased
stability of DFA and suggest that the DFA should be the pre-
ferred choice for such data.

6 Discussion

Accurate false discovery rate estimation is a key to biological
discovery (Nesvizhskii 2010, Aggarwal and Yadav 2016) and
is integral to protein identification methodology (Li and
Radivojac 2012, Serang and Noble 2012) and protein

# PSMs

0 2 4 6 8 10 0 2 4 6 8 10
FDR [%] FDR [%]

Figure 3. Identified PSMs on selected datasets at specific FDR levels.

function studies (Sinz 2003, 2006). However, the field is con-
fronted with computational and statistical challenges and the
quality of methods is difficult to evaluate owing to the lack of
the ground truth associated with experimental spectra.

To the best of our knowledge, this work is the first to pro-
pose a decoy-free FDR estimation in XL-MS/MS. We have ac-
complished this by modeling top-ranked and second-ranked
PSM score distributions as multi-component mixtures of (la-
tent) SN distributions with shared parameters. We formulated
the problem as a constrained maximum likelihood optimization
and then derived an EM algorithm to learn model parameters
from data. We extensively evaluated this method to show that
the low-variance quality FDR estimation can be achieved with-
out decoy data. The proposed algorithm is a nontrivial generali-
zation of the multi-sample decoy-free approaches we developed
for traditional MS/MS (Peng et al. 2020) although the use of
multiple components to model incorrect PSM scores in XL-MS/
MS required constrained optimization and a far more complex
solution. However, as before, modeling of the score distribution
of the second-ranked PSMs has stabilized learning, and helped
avoid target-decoy competition, leading to an accurate inference
procedure with significant run-time savings. The reasoning be-
hind this algorithm can be further applied to other large search-
space MS/MS scenarios, including de novo searches (Dancik
et al. 1999), searches of semi-tryptic (Alves et al. 2008) and
post-translationally modified (Fu 2012) peptides, as well as to
metaproteomics searches (Heyer ez al. 2017).
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