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Abstract

Protein identification is a fundamental problem in proteomics research, and
searching protein sequence databases using tandem mass spectrometry is cur-
rently the most successful and widely used method for protein identification.
Protein identification software is essentially an information retrieval system that
shares common characteristics with other retrieval systems. However, compared
with text or multimedia retrieval, it has very distinctive features. For instance,
reliability assessment of retrieval results is an indispensable step in protein iden-
tification, which is often unnecessary for other retrieval problems. This paper
reviews the key computational issues in protein identification search engines
and their research progress, including database search matching scoring, statis-
tical reliability assessment of identification results, protein modification iden-
tification, etc., and provides a brief introduction to our self-developed protein
identification search engine pFind.
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Key Computational Problems in Tandem Mass Spectrometry Protein Identifi-
cation

Fu Yan, He Simin, Sun Ruixiang, Wang Leheng

Abstract

Protein identification is a fundamental problem in proteomics research, and
searching protein sequence databases using tandem mass spectrometry (MS/MS)
represents the most successful and widely used approach. Protein identification
software is essentially an information retrieval system sharing common charac-
teristics with other retrieval systems, yet it possesses unique features. Notably,
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reliability assessment of search results is an indispensable step in protein iden-
tification, whereas it is often unnecessary for other retrieval problems. This
paper reviews key computational issues in protein identification search engines
and their research progress, including database search scoring, statistical eval-
uation of identification reliability, and protein modification identification. We
also provide a brief introduction to pFind, a protein identification search engine
developed by our own team.

Keywords: bioinformatics; protein identification; mass spectrometry; informa-
tion retrieval; pFind

Introduction

In February 2001, the Human Genome Project (HGP) consortium and the Amer-
ican Celera company published the draft human genome sequence and prelimi-
nary analysis results in Nature and Science, respectively. The near-completion
of human genome sequencing marked the arrival of the post-genomic era, as
life science research sought new frontiers. In April 2001, the Human Proteome
Organization (HUPO) was established in the United States to promote interna-
tional collaborative proteome research. Subsequently, various proteome initia-
tives were launched, including the human plasma proteome project led by the
United States, the human liver proteome project led by China, the human brain
proteome project led by Germany, and many others. Concurrently, proteome
research on other organisms has been extensively conducted worldwide [1]. The
Chinese government has designated protein science as one of four major scien-
tific programs in the “National Medium- and Long-Term Plan for Science and
Technology Development,” establishing it as a research priority for life sciences
from 2006 to 2020.

The term “proteome”was first coined by Wilkins et al. in 1994 to describe the pro-
tein complement of the genome. A proteome refers to the entire set of proteins
expressed by a biological cell, tissue, or organ at a given time and under given
conditions. Proteomics, as the study of the proteome, has the fundamental task
of determining the status of all proteins within a specific organism, including
their expression, quantification, modifications, and mutations. Proteins are bi-
ological macromolecules polymerized from amino acids, and a protein’ s amino
acid sequence uniquely determines its identity. After translation from DNA
via messenger RNA (mRNA), most proteins undergo chemical modifications at
specific amino acids to achieve their biological activity. Therefore, identifying
protein sequences and characterizing post-translational modifications are cru-
cial for systematically understanding key biological knowledge such as protein
structure, function, and evolutionary relationships.

Mass spectrometry is currently the mainstream technology for large-scale pro-
tein identification, offering advantages in sensitivity, throughput, and accu-
racy [2]. In typical bottom-up proteomics strategies, protein samples are en-
zymatically digested into peptide mixtures, which are then analyzed by lig-
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uid chromatography-mass spectrometry to generate tandem mass spectra. Re-
constructing peptide sequences from tandem mass spectra represents the core
computational problem in protein identification. The most successful and com-
monly used solution involves searching protein sequence databases with tandem
mass spectra: database sequences are theoretically digested and fragmented,
predicted spectra are generated, and these are matched against experimental
spectra to identify peptide sequences and, consequently, entire proteins. Pro-
tein identification based on sequence database searching is essentially an in-
formation retrieval problem, with the core computational challenge being the
peptide-spectrum match scoring algorithm. Simultaneously, to obtain correct
identification results, protein identification systems must statistically evaluate
the reliability of search results—a step that is often unnecessary in other retrieval
problems. Protein modifications present even greater challenges to the speed
and accuracy of protein identification retrieval systems. This review focuses
on these key computational issues in protein identification, including database
search scoring, reliability assessment, and modification identification, following
a brief introduction to the relevant biochemical background.

1.1 Proteins and Peptides

Proteins are the fundamental material basis of life, widely present in various
biological tissues and cells, and constitute the most important component of
biological cells. As a class of essential biological macromolecules, proteins serve
as the primary carriers of structure and function in organisms. The human
body contains over 100,000 distinct proteins with diverse structures and func-
tions. However, all proteins are composed of amino acid molecules. The general
formula of an amino acid molecule is shown in Figure 1 [Figure 1: see original
paper]. An amino acid consists of an -carbon atom attached to a carboxyl
group (COOH), an amino group (NH—), a hydrogen atom (H), and a side chain
group R. Different amino acids have different side chain groups. The carboxyl
group of one amino acid can condense with the amino group of another amino
acid to form an amide bond (peptide bond), as shown in Figure 2 [Figure 2: see
original paper|. Multiple amino acids connected sequentially by peptide bonds
form a chain-like molecule called a peptide, with the amino terminus designated
as the N-terminus and the carboxyl terminus as the C-terminus, as shown in
Figure 3 [Figure 3: see original paper]. A peptide composed of two amino acids
is called a dipeptide; peptides with 2-10 amino acids are called oligopeptides;
those with more than 10 amino acids are called polypeptides. Polypeptides with
molecular weights above 10 kDa are called proteins.

The vast majority of proteins are composed of 20 common amino acids, though
some proteins contain hundreds of uncommon amino acids and non-peptide
components (called ligands or prosthetic groups). A protein’ s amino acid se-
quence is termed its primary structure. Proteins can fold to form secondary and
tertiary structures. The primary structure—the amino acid sequence—uniquely
determines a protein’ s identity. The protein identification problem discussed
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in this paper refers to the identification of protein sequences.

1.2 Mass Spectrometry Technology

Initially, protein sequence identification primarily employed the manual Edman
degradation method, which was highly inefficient. The development of mass
spectrometry (MS) opened new avenues for protein sequence identification [3,
4].

The basic principle of mass spectrometry is not particularly complex. In
mass spectrometric analysis, analyte particles are first ionized and then
passed through appropriate electromagnetic fields. Since ions with different
mass-to-charge ratios respond differently to electromagnetic fields, they can
be separated and detected based on trajectory and time. Ion intensities are
also detected and recorded, producing mass spectral data with mass-to-charge
ratio on the x-axis and ion intensity on the y-axis. A mass spectrometer
consists of four major components: a sample introduction system, an ion
source, a separation system, and a detection system, each with multiple
implementation methods. Figure 4 [Figure 4: see original paper] illustrates the
basic components of a mass spectrometer.

The history of mass spectrometry dates back to the late 19th century. In 1899,
Joseph John Thomson invented the first parabolic mass spectrometry device.
With technological improvements, mass spectrometers were widely applied to
inorganic and organic compound analysis by the late 1950s. The 1950s-1980s
represented a prosperous period for mass spectrometry. Revolutionary develop-
ments occurred in the 1980s-1990s, primarily involving liquid chromatography-
mass spectrometry coupling and two soft ionization techniques: electrospray
ionization (ESI) and matrix-assisted laser desorption/ionization (MALDI). In
the 1980s, John Fenn and Koichi Tanaka independently developed ESI and
MALDI mass spectrometry techniques for biomacromolecule analysis, for which
they shared the 2002 Nobel Prize in Chemistry with Kurt Wiithrich. Since the
1990s, mass spectrometry has been deeply applied in life sciences.

In mass spectrometry-based protein analysis, protein samples are first hy-
drolyzed by selected proteases to form peptides. Peptide ions with different
mass-to-charge ratios are separated and detected by the mass spectrometer to
obtain a primary mass spectrum (MS1). These peptide ions can be further
fragmented to produce fragment ions, which are separated and detected to
generate tandem mass spectra (MS/MS). Protein identification methods using
mass spectrometry therefore fall into two categories.

The first category is based on primary mass spectra and is called peptide mass
fingerprinting. These methods search known protein databases, simulate protein
hydrolysis in silico to generate theoretical primary mass spectra, and compare
theoretical with experimental primary mass spectra, ranking results by match
quality. Systems employing this approach include MOWSE [5], Mascot [6],
ProFound [7], Peptldent [8], and MS-Fit [9]. Peptide mass fingerprinting is
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suitable for samples containing single proteins or simple mixtures. However,
its limitations include significant errors due to protein mixture contamination,
incomplete enzymatic digestion, residue modifications (amino acid residues refer
to amino acids minus a water molecule), mass accuracy, and other factors, often
leading to incorrect search results.

The second category is based on tandem mass spectrometry. These methods
first determine peptide amino acid sequences accurately using tandem mass spec-
trometry (MS/MS), then identify protein sequences through peptide sequences.
This approach can be used to identify complex protein mixtures or verify pep-
tide mass fingerprinting results and represents the most commonly used and
effective mainstream method today, which we introduce in detail below.

In typical liquid chromatography-tandem mass spectrometry experiments, pro-
tein samples are proteolytically digested into peptide mixtures, which are sep-
arated by liquid chromatography and ionized. In the mass spectrometer, pep-
tide ions with specific mass-to-charge ratios are selected and filtered, then frag-
mented under energy bombardment such as collision-induced dissociation (CID)
[10] or electron transfer dissociation (ETD) [11]. During fragmentation, cleav-
age of three types of peptide bonds generates six major fragment series: N-
terminal a, b, ¢ fragments and C-terminal x, y, z fragments, as shown in Figure
5 [Figure 5: see original paper]. Fragments may lose neutral water or ammonia
molecules [12]. Fragment ions retaining the parent ion charge, unfragmented par-
ent ions, contaminants, and other fragmentation products are detected. Under
low-energy fragmentation, generally only one peptide bond breaks per peptide
ion, producing mainly a, b, and y-type fragment ions. Measuring the intensities
of ions with different mass-to-charge ratios creates peaks in the tandem mass
spectrum. Figure 6 [Figure 6: see original paper] shows an example tandem
mass spectrum.

Identifying peptide amino acid sequences from tandem mass spectra is the cen-
tral problem in protein identification. Three computational approaches exist
for peptide sequence identification from tandem mass spectra. The most com-
mon is the database search method, as described in references [6, 9, 13-18]. In
this approach, protein sequences in the database are theoretically hydrolyzed
and fragmented to generate theoretical tandem mass spectra, which are com-
pared with experimental spectra to find the peptide sequence that produced the
experimental spectrum. This paper focuses on this method.

The second approach is de novo sequencing, which interprets tandem mass
spectral data directly to identify peptide sequences without comparing against
database sequences, as described in references [19-26]. When target sequences
are not present in the database, database searching becomes ineffective, necessi-
tating de novo sequencing. However, this method requires high-quality spectral
data and good peptide fragmentation, limiting its widespread practical applica-
tion. Nevertheless, de novo methods can provide important peptide sequence
tags (short peptide fragments of several amino acids) to aid database searching
even when complete sequences cannot be determined.
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The third approach is sequence tag querying [27-31], which first obtains partial
peptide sequence information from tandem mass spectra manually or automat-
ically, then queries the database using these partial sequences to retrieve full
peptide sequences. This hybrid approach has attracted increasing attention in
recent years.

Several comprehensive review articles on tandem mass spectrometry-based pep-
tide identification have been published recently [32-35].

3 Database Search Scoring Algorithms

In protein identification using tandem mass spectrometry, the problem reduces
to the more fundamental peptide identification problem. The database search
method is currently the most widely adopted peptide identification approach.
Given an experimental tandem mass spectrum, scoring candidate peptides
against this spectrum constitutes the core of peptide identification algorithms.
Evaluating these scoring results—that is, recognizing correctly identified peptide
sequences—is also an essential step.

“Peptide scoring” refers to rating the likelihood that a candidate peptide pro-
duced a given experimental tandem mass spectrum, thereby ranking all candi-
date peptides. In information retrieval terminology, the tandem mass spectrum
is the query input, candidate peptides are the objects stored in the database,
and the peptide scoring function is essentially the retrieval or ranking function.
The scoring function’ s purpose is to rank candidate peptides such that the
sequence most likely to have produced the experimental spectrum appears at
the top. Peptide scoring functions can be categorized into three types based on
their construction: those based on spectral vector dot product, those based on
probability, and those based on machine learning or pattern classification.

3.1 Spectral Dot Product-Based Peptide Scoring Algo-
rithms

In spectral dot product (SDP) based peptide scoring algorithms, the degree of
overlap between theoretical and experimental mass spectra serves as the candi-
date peptide’ s score, and this overlap can be described by vector dot product
operations. In SDP, theoretical and experimental spectra are represented as N-
dimensional vectors, where N is the number of distinct mass values used. The
components i_c and i_t can take 0/1 values or represent the ion intensity at
the i-th mass value in the tandem mass spectrum. The SDP between experi-
mental and theoretical tandem mass spectra is defined as the dot product of
these vectors. If two spectrum vectors are identical, they should be parallel, and
the vector dot product precisely reflects their degree of parallelism, making it
suitable as a peptide match score.

Reference [36] used a spectral contrast angle based on SDP as a similarity mea-
sure for mass spectra. Reference [37] employed this metric to identify spectra
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generated by the same peptide sequence. The early “Shared Peaks Count”
(SPC) scoring method represents the simplest form of spectral vector dot prod-
uct. SPC counts the number of matched fragment ions between theoretical and
experimental spectra, corresponding to the case where i _c¢ and i_t take 0/1
values in SDP. The Sonar MS/MS software [16, 38] is a typical representative
using SDP as its peptide scoring function, representing spectra as vectors and
directly computing the dot product as the score.

SEQUEST [14], one of the most widely used commercial peptide identification
software packages, employs cross-correlation analysis to compare mass spectra,
which is also fundamentally based on spectral vector dot product. SEQUEST
first predicts a theoretical spectrum for a matching amino acid sequence accord-
ing to specific rules, then processes the experimental spectrum appropriately
to enable cross-correlation analysis that reflects fragment ion similarity. The
cross-correlation between discrete signals of the experimental spectrum x(t) and
theoretical spectrum y(t) is computed, where represents the displacement be-
tween two signals. The correlation function measures the similarity between two
signals; if they are identical, the correlation function reaches its maximum at
= 0. The SEQUEST scoring formula is defined based on this principle, where
the Xcorr score is essentially the SDP minus the mean of SDPs at a series of
displacements.

3.2 Probability-Based Peptide Scoring Algorithms

Another class of peptide scoring algorithms is probability-based, including Mas-
cot [6], SCOPE [13], ProbID [18], PepSearch [39], and others [40]. Mascot is
another widely adopted commercial protein identification software besides SE-
QUEST. However, the literature on Mascot does not specify its peptide scoring
algorithm in detail. Generally, Mascot attempts to calculate the probability p
that an experimental tandem mass spectrum is randomly generated by a can-
didate peptide, with the candidate peptide’ s score being -log(p). Mascot’ s
probability scoring algorithm comprehensively considers peptide length distri-
bution, missed cleavage probability, mass error distribution, and ion intensity
information.

SCOPE is a scoring algorithm designed by Celera that uses a Bayesian model to
calculate the posterior probability of each sequence given a spectrum. SCOPE
simulates tandem mass spectrum generation through a two-step stochastic pro-
cess: (1) generating peptide fragments according to probability distributions,
and (2) generating spectra from fragments based on instrument measurement
€rTors.

ProbID attempts to calculate the Bayesian posterior probability that an exper-
imental tandem mass spectrum is randomly generated by a candidate peptide.
However, ProbID’ s calculated probability cannot be considered a true prob-
ability but rather a simple product of several factors, including the presence
of immonium ions, whether peptide sequence cleavage sites meet enzyme speci-
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ficity, matched and unmatched spectral peaks, and the matching of consecutive
and complementary ions.

Although SCOPE and ProbID establish probabilistic models at different levels,
they share the common feature that conditional probabilities used in calculations
—such as probabilities of different ion types, error distributions, and ion inten-
sity distributions—are specified or assumed based on expert experience and are
therefore inaccurate.

Havilio et al. [40] and Dancik et al. [20] attempted to learn these probabilities
from mass spectral data. Reference [20] learned the probability of detecting
certain fragment types from data rather than assuming them a priori. The
method in [40] generalizes the algorithm from [20], designing a series of scoring
functions that can incorporate various experimental observations and prior theo-
retical knowledge about peptide fragmentation, including intensity correlations,
fragment types, fragment masses, ratios of fragment mass to peptide mass, im-
portant ion types such as isotopes and multiply-charged fragments, which are
often ignored by tandem mass spectrometry analysis software. The parameter
learning process is automatic: the mass axis of the spectrum is divided into
equal-width bins, and the probability of observed intensities is calculated for all
ions falling within each bin. If fragments are assumed independent, all prob-
abilities are multiplied; if correlated fragment pairs exist, joint probabilities
of correlated ion pairs are calculated. The drawback of this approach is that
mass spectral data are not annotated, and statistics are only roughly collected
for all ions matching a particular spectral peak, making the statistical results
inevitably inaccurate. The same problem exists in other mass spectral data
mining work [41].

The probability-based peptide scoring algorithms described above model the
probability of peptide fragmentation generating mass spectra. Another class of
probability-based peptide scoring algorithms does not model the peptide frag-
mentation process but instead models the probability of matches between pre-
dicted ions and spectral peaks. For example, Sadygov and Yates used the hy-
pergeometric distribution [42], Fridman et al. employed a more complex form of
hypergeometric distribution [43], and Geer et al. adopted the Poisson distribu-
tion [44]. The advantage of these probability-based peptide scoring algorithms
is their ability to provide probabilities of correct or random matches between
candidate peptides and experimental spectra, but they insufficiently utilize the-
oretical spectrum prediction and spectral peak intensity information.

3.3 Machine Learning-Based Peptide Scoring Methods

Peptide identification can essentially be viewed as a two-class classification prob-
lem that categorizes candidate peptides as “correct” or “incorrect.” In machine
learning-based peptide scoring functions, various matching information between
candidate peptides and experimental spectra is represented as feature vectors,
and machine learning methods are applied to learn a scoring function from
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training data with known sequences. Although machine learning methods for
retrieval functions have long existed in information retrieval, they have only
recently been applied to peptide identification. Various machine learning algo-
rithms have been applied to classify SEQUEST search results, including sup-
port vector machines (SVM) [45], neural networks [46, 47], logistic regression
[48], and ensemble methods such as boosting and random forest [49]. The ben-
efit of using machine learning methods for peptide identification scoring is the
ability to integrate many matching metrics, with each metric serving as a dimen-
sion of the pattern. How to fuse these metrics into a peptide scoring function
becomes the task of the machine learning method, eliminating the need for
user intervention. In fact, integrating numerous matching metrics into a single
peptide scoring function has long been a challenge in peptide scoring design.
Given the flexibility of machine learning methods, researchers later began using
them to directly construct independent peptide scoring functions rather than
merely post-processing existing software results [50, 51]. Essentially, peptide
identification via database searching is a specific information retrieval problem,
so directly constructing independent peptide scoring functions using machine
learning methods is fundamentally a learning problem for retrieval or ranking
functions in information retrieval. Such retrieval functions can be discriminative
or serve only a ranking function.

4 Statistical Assessment of Identification Reliability

After database searching, each spectrum will have a top-scoring candidate pep-
tide, but this peptide may not necessarily be correct. Many factors can cause
this outcome: the peptide scoring algorithm is imperfect and makes errors, fail-
ing to rank the correct peptide first; the searched protein sequence database is
incomplete and does not contain the target peptide sequence; the input mass
spectral data consist entirely of noise without useful information; or the target
peptide contains unexpected modifications or results from abnormal enzymatic
cleavage. Therefore, after peptide scoring, it is necessary to determine whether
the highest-scoring peptide is correct—that is, to assess the reliability of peptide
scoring results and identify correct peptide identifications.

Early reliability assessment of peptide identification results used empirical
threshold methods. As the name suggests, empirical threshold methods apply a
threshold to raw scoring results based on experience, recognizing only peptides
scoring above the threshold as correct identifications. A typical example is
the SEQUEST software [14]. SEQUEST outputs two main scores: Xcorr and
DeltCn. In the past, these two scores were widely used to filter SEQUEST
peptide scoring results. For instance, a common filtering criterion required
DeltCn greater than 0.1 and Xcorr greater than 1.9, 2.2, and 3.75 for singly,
doubly, and triply charged peptides, respectively [52]. For SEQUEST, methods
have also been developed to compute better scores in post-processing steps for
filtering, such as RScore [53]. In probability-based peptide scoring algorithms,
although the goal is to calculate the probability of true or random matches,
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it has been noted that such probabilities cannot be accurately calculated
objectively for various reasons. Therefore, probability-based peptide scoring
methods typically still require specifying a threshold or using additional
evaluation methods. Empirical threshold methods are simple and intuitive
but have obvious drawbacks: threshold specification relies solely on experience
without theoretical justification. As database size increases, the highest scores
of incorrect candidate peptides also rise. Moreover, the reliability of results
filtered by thresholds cannot be quantitatively estimated. Using empirical
thresholds is an arbitrary practice; in reality, regardless of how high the peptide
identification score, some uncertainty always remains. To effectively estimate
identification reliability, statistical methods must be employed. Currently,
the most widely used statistical reliability metrics are expectation values for
single-spectrum identification and false discovery rates for multiple-spectrum
identification.

4.1 Expectation Value Methods

The expectation value (commonly abbreviated as E-value) refers to the
mean of a random variable. In bioinformatics sequence alignment prob-
lems [54-56], expectation values were first successfully applied; the
BLAST sequence alignment program initially used E-values to mea-
sure the likelihood of sequence alignment scores occurring by chance
(http://www.ncbinlm.nih.gov/BLAST /tutorial / Altschul-1.html). In pep-
tide identification, given a spectrum and n random candidate peptides, the
random variable of interest is the number of incorrect candidate peptides with
scores at least x. In meaning, the expectation value for score x is the expected
number of candidate peptides that can achieve scores equal to or exceeding
x by random chance. For example, if a candidate peptide’ s score has an
expectation value of 10 in a database search, this means that on average,
one hundred thousand such searches would be required to randomly obtain a
score equal to or greater than this value by chance. Therefore, theoretically,
if a candidate peptide’ s expectation value exceeds 1, that candidate peptide
can be excluded because even in a completely random scenario, on average one
candidate peptide would achieve the same or higher score.

The probability distribution of random scores determines the calculation method
for expectation values. Based on different sources of probability distributions,
expectation value calculation methods can be divided into three categories: em-
pirical fitting, theoretical modeling, and exhaustive calculation. Empirical fit-
ting estimates probability distributions by fitting actual score distribution data.
Theoretical modeling derives score random distributions theoretically by assum-
ing certain random probability models. Exhaustive calculation obtains the true
score distribution by enumerating all possible candidate peptides. Search en-
gines that calculate expectation values through empirical fitting include Sonar
[38], X!Tandem [57], pFind [58-60], and RAId_DbS [61]. Those using theoreti-
cal modeling include Mascot [6] and OMSSA [44]. Exhaustive calculation was
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recently proposed by Kim et al. [62]. Each method has advantages and disad-
vantages: empirical fitting works for any scoring function but requires sufficient
candidate peptide scale to fit score distributions and appropriate distribution
form assumptions; theoretical modeling can calculate expectation values for any
given peptide sequence but only applies to probability-based scoring functions,
with accuracy depending on the probability model’ s accuracy; exhaustive cal-
culation can directly compute the true score distribution but only applies to
additive scoring functions and has high computational complexity. Empirical
fitting is currently the most commonly used and successful expectation value
calculation method, briefly introduced below.

In peptide identification database searching, given a spectrum, at most one
candidate peptide can be correct, so almost all candidate peptides can be con-
sidered incorrect. The empirical expectation value calculation method directly
uses all candidate peptide scores from a single database search to fit the random
score distribution [38]. Assuming incorrect candidate peptide scores follow a
certain probability distribution and estimating parameters from empirical data,
the probability of achieving a score not less than x can be inferred, and multi-
plying by the number of candidate peptides participating in scoring yields the
expectation value.

Reference [38] assumes that random scores x follow an extreme value distribu-
tion. Based on this assumption, P(x) and x have an approximate log-linear
relationship in the high-score region, where coefficients ¢ and ¢ can be esti-
mated from the high-end portion of the candidate peptide score distribution in
a single search. Once P(x) is estimated, expectation values can be calculated
for any candidate peptide score. The X!Tandem software employs this method
to calculate expectation values [57].

However, not all scoring algorithms conform to this distribution assumption. In
fact, recent discussions have emerged regarding the applicability of the above ex-
pectation value calculation method to peptide identification and how to fit score
distributions [63, 64]. Although expectation values have clear definitions, the
values output by various software lack strict absolute meaning because assump-
tions and approximations are always made in calculations. Indeed, different
software employs different assumptions and implementation methods, making
their output expectation values not directly comparable [65]. This does not
diminish the superiority of expectation values. Compared with raw scores, ex-
pectation values consider score distribution and database size, thus serving as
normalized relative scores. Our task is to make expectation value estimates as
close to true values as possible.

4.2 False Discovery Rate Methods

The expectation value method described above enables reliability assessment of
individual peptide identification results. However, in proteomics experiments,
thousands of spectra are typically identified simultaneously. For large numbers
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of peptide identification results filtered by a given peptide scoring (or expecta-
tion value) threshold, overall reliability assessment is required. Currently, false
discovery rate (FDR) calculation is commonly used to evaluate the reliability of
peptide identification result populations [66]. FDR calculation can be divided
into two categories: one estimates posterior error probabilities by fitting certain
score distribution models; the other introduces decoy sequence libraries as con-
trols. From a machine learning perspective, the former is unsupervised, while
the latter is supervised.

PeptideProphet is the most representative and successful model-based false dis-
covery rate estimation method [67]. Each proteomics experiment generates nu-
merous tandem mass spectra, and through database searching, each spectrum
is assigned a top-scoring candidate peptide. The PeptideProphet method is
based on analyzing the distribution of these top scores. In PeptideProphet,
several scores provided by SEQUEST are first linearly combined into a discrimi-
nant score, with incorrect matches assumed to follow a gamma distribution and
correct matches assumed to follow a Gaussian distribution. For each specific ex-
periment, PeptideProphet uses the Expectation-Maximization (EM) algorithm
to estimate parameters of the discriminant score distribution, thereby finding a
score threshold that optimally separates correct from incorrect matches while
estimating the error rate.

The more widely used false discovery rate calculation method today is based on
decoy sequence library searching. Decoy sequences are defined as sequences that
definitely do not contain target proteins; searching these sequences necessarily
yields incorrect results and thus can serve as negative samples for estimating
false discovery rates. Decoy sequences are typically reversed, randomly gener-
ated, or generated according to certain probability models from target sequences.
Decoy sequences must not contain target sequences while possessing “character-
istics” of target sequences so that estimated false discovery rates are accurate.
Currently, the method of using reversed sequence libraries to estimate false pos-
itive rates is simple, practical, and has been widely adopted by the proteomics
community, becoming a standard for proteomics data false positive analysis [68,
69]. The steps for estimating false discovery rates using the reversed library
method are as follows:

1. Reverse sequences in the target protein database to obtain reverse se-
quences, then combine reverse and forward sequences to form a target-
decoy database;

2. Search the target-decoy database using the same peptide scoring and fil-
tering methods as used for the target database;

3. Estimate the false discovery rate of positive peptide identification results:
Let N_f denote the number of positive peptide identifications with se-
quences from forward protein sequences, and N_r denote the number of
positive peptide identifications with sequences from reverse protein se-
quences (if peptide scoring and filtering methods are effective, N_r should
generally be small). The false discovery rate of peptide identification re-
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sults is:

The above false discovery rate calculation formula is based on the assumption
that correctly identified peptides must come from forward protein sequences,
while incorrectly identified peptides have equal probability of coming from for-
ward or reverse protein sequences. Since forward and reverse sequences have
the same length, we can assume that forward sequence peptide identification
results contain the same number of false positive identifications as the number
of reverse sequence peptide identifications.

5 Protein Modification Identification

After translation from mRNA, proteins may have functional groups added to
certain amino acids, or other proteins or peptides attached, or the chemical prop-
erties or structures of amino acids may be altered. This process is called chemical
modification. Since it occurs after translation, it is termed post-translational
modification (PTM). PTMs can change amino acid chemical properties, cause
protein structural changes, and regulate protein activity and function. PTMs
are ubiquitous in organisms, with the vast majority of proteins containing one
or more modifications. Studying PTMs is crucial for elucidating protein func-
tions and explaining mechanisms of major diseases [70, 71]. Human proteome
research indicates that for tryptic peptides expressed at relatively high levels
(>1%), nearly every amino acid has some modified form [72]. In addition to in
vivo modifications, many modifications are inevitably introduced during sample
processing [73]. Protein modification types are numerous; as of June 24, 2009,
the Unimod modification database contained 590 entries. Mass spectrometry-
based proteomics provides effective analytical tools for large-scale PTM research
[74-76]. Currently, identifying modified proteins using tandem mass spectrome-
try data has become one of the core and frontier issues in proteomics research.

A common tandem mass spectrometry-based method for identifying modified
proteins specifies variable modification types during database searching, consid-
ering both modified and unmodified states when generating candidate peptides
and evaluating all possible combinations when multiple potential modification
sites exist in a candidate peptide. This approach accounts for the dynamic na-
ture of protein PTMs (the same amino acid site may or may not be modified),
but it is impractical to consider too many modification types during database
searching because the search space would explode combinatorially, drastically
reducing search speed and increasing false positive results. Existing search en-
gines such as SEQUEST and Mascot typically allow no more than about 10
variable modification types, which clearly cannot meet practical needs. In most
cases, researchers have limited knowledge about modification types present in
protein samples and rely mainly on empirical speculation. Most often, oxidation
on methionine is the only variable modification specified in database searching,
potentially missing other modifications present in the sample. Consequently,
many spectra from modified peptides remain uninterpreted. This approach of
specifying a limited number of modification types is called restricted modifi-

chinarxiv.org/items/chinaxiv-201703.00167 Machine Translation


https://chinarxiv.org/items/chinaxiv-201703.00167

ChinaRxiv [$X]

cation identification, which suffers from serious problems including blindness,
combinatorial explosion of search space, and inability to discover novel modifi-
cation types.

The large protein sequence database and numerous variable modification types
together cause combinatorial explosion in the candidate peptide space. If search-
ing is limited to smaller protein databases, more variable modification types can
be considered. A common approach is two-stage refined database searching [77-
80]. In the first search, the entire protein database is searched with minimal
variable modification types and the strictest enzymatic cleavage rules. In the
second search, proteins identified in the first search are used to construct a
small database for refined searching with more variable modification types, re-
laxed cleavage rules, and sequence mutations. This method was first used in
the MASCOT software [77]. Its basic assumption is that each protein present
in the experimental sample can be identified by at least one peptide in the
first search [78]. This coarse-to-fine search strategy can significantly improve
search speed and the number of variable modification types considered. Simul-
taneously, by considering more modification types, cleavage rules, and sequence
mutations, more peptides and their variants can be identified, achieving two
goals at once. However, if the above assumption is not satisfied, some peptides
and proteins and their variants may be missed. Moreover, this two-stage search
still requires users to specify a list of variable modification types and remains
a restricted modification identification approach, unable to detect unknown or
unlisted modification types.

To enable database searching for unknown or unexpected modification types,
the most direct approach is to relax the peptide-spectrum match mass con-
straint, allowing correct candidate peptide sequences to enter the search space
for matching with experimental spectra. This undoubtedly increases compu-
tational load, which we discuss later. More importantly, the challenge is how
to match experimental spectra containing modifications with unmodified can-
didate peptide sequences so that correct candidate peptides can be discovered
and modification masses and sites determined. MS-Alignment is the earliest and
most famous method of this type [17, 81, 82]. MS-Alignment aligns theoretical
and experimental mass spectra in a manner similar to sequence alignment in
genomics, allowing any modifications to occur.

However, the MS-Alignment algorithm has several limitations: (1) The compu-
tational complexity of finding optimal matches between experimental spectra
and peptide sequences is very high, making data analysis extremely slow and
limiting practical applications to searching very small protein sequences; (2) To
enable dynamic programming alignment of theoretical and experimental spectra,
simple scoring functions must be used, reducing spectral alignment accuracy; (3)
The reliability of search results is low—a recent study by Chen et al. [83] showed
that MS-Alignment severely underestimates the false discovery rate of results.

Spectra generated by modified and unmodified forms of the same peptide se-
quence represent a typical type of related spectra. In reality, due to the dynamic
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nature of modifications, both modified and unmodified forms of the same pep-
tide often coexist simultaneously. This provides another clue for unrestricted
PTM detection—identifying related spectrum pairs generated by modified and
unmodified peptides. The spectral network algorithm is based on this principle,
detecting PTMs and mutations by identifying related spectrum pairs [84]. How-
ever, the spectral network algorithm uses MS-Alignment to calculate spectral
similarity and thus faces the same enormous computational challenges. Addi-
tionally, if a peptide undergoes a modification but its unmodified form is absent
or undetectable by the mass spectrometer, or if the modified-unmodified spec-
trum pair similarity is insufficient, methods based on spectrum pairs become
inapplicable.

Unrestricted PTM detection, as the forefront of proteomics research, has at-
tracted increasing attention from researchers. Some have proposed strategies
that first use de novo sequencing to obtain peptide sequence fragments, then
locate proteins through sequence matching to further determine modification
masses and sites [31, 85]. However, this strategy heavily depends on spectral
signal quality, and de novo sequencing itself remains an unsolved problem [33].
Savitski et al. [86] proposed a modification detection method combining two
peptide fragmentation modes (ECD and CAD), but it is only applicable to
this special mass spectrometry operation mode. In summary, research on unre-
stricted PTM detection is still in its infancy, and no mature solution currently
exists.

6 The pFind Protein Identification System Developed by
Our Institute

Since 2002, the Bioinformatics Research Group at the Institute of Computing
Technology, Chinese Academy of Sciences, has been researching protein identifi-
cation algorithms and software based on mass spectrometry data. We have pro-
posed a series of innovative algorithms and technologies in mass spectral data sig-
nal processing, theoretical spectrum prediction, spectral similarity measurement,
protein PTM detection, database indexing, and search engine design. Based on
these developments, we independently developed pFind (http://pfind.ict.ac.cn),
China’ s first and only software system for large-scale identification of proteins
and their post-translational modifications. pFind uses Kernel Spectral Dot
Product (KSDP) as its core matching scoring algorithm, representing a non-
linear extension of traditional dot product scoring [58]; it accelerates database
searching through database indexing, search workflow optimization, and paral-
lel computing techniques [87, 88]; and it uses spectral clustering methods to
rapidly detect potential modification types from mass spectral data [89]. In ad-
dition to the core search engine, pFind includes various supporting software for
result analysis, spectrum annotation, and database processing [59, 60], totaling
over 210,000 lines of code. A parallel version of pFind has also been deployed.
Currently, the pFind system has reached the level of international mainstream
commercial software such as SEQUEST and Mascot in terms of accuracy and
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speed. The pFind system has published over 10 academic papers in renowned
domestic and international journals and conferences [51, 58-60, 87-99], receiving
recognition and citations from international peers; it has applied for 8 patents,
with 3 already granted; and it has applied for 12 software copyrights.

The pFind system has been demonstrated and applied in over 10 proteomics
research institutions in China, including the Shanghai Institute of Biochem-
istry and Cell Biology, Institute of Biophysics, Institute of Genomics, Institute
of Zoology, and Institute of Chemistry of the Chinese Academy of Sciences,
as well as the Beijing Proteome Research Center, National Institute of Bio-
logical Sciences, Beijing North Center for Human Genome Research, Institute
of Basic Medical Sciences and Cancer Institute of Peking Union Medical Col-
lege, Shanghai Bioinformatics Center, and Fudan University, with a total of
62 pFind system installations. In 2008, pFind participated in the international
protein identification data analysis evaluation organized by ABRF (Association
of Biomolecular Resource Facilities), demonstrating strong competitiveness in
identification accuracy and false positive rate control, and began to gain inter-
national recognition. The Beijing Proteome Research Center used the pFind
system to identify core fucosylation modifications, successfully identifying over
100 core fucosylation sites from human liver cancer plasma samples—the largest
number reported to date—representing significant progress for subsequent cancer
early marker discovery research. This collaborative achievement was published
in 2009 in the internationally renowned proteomics journal Molecular € Cellular
Proteomics [100], marking the first time pFind software was successfully applied
to a real biological problem and recognized by a top-tier international academic
journal.

7 Conclusion

Proteomics research is flourishing, and protein identification and modification
identification based on mass spectrometry data are among its most important
problems. This paper introduced key computational challenges facing pro-
tein identification search engines from several perspectives: database retrieval
scoring, reliability assessment of search results, and modification identification.
These problems currently lack satisfactory solutions, and some have become
bottlenecks in proteomics data analysis. This situation presents both major
challenges for the computing field and opportunities for computational technol-
ogy to solve problems in life sciences. Few research teams in China work in this
area, but they have already reached the forefront of the field. With enhanced
confidence and redoubled efforts, the pFind protein identification system will
undoubtedly play a greater role in future proteomics research.
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