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Abstract

An accurate scoring function for database search
is crucial for peptide identification using tandem
mass spectrometry. Although many mathemati-
cal models have been proposed to score peptides
against tandem mass spectra, our method (called
PepHMM, http://msms.cmb.usc.edu) is unique in
that it combines information on machine accuracy,
mass peak intensity, and correlation among ions
into a hidden Markov model (HMM). In addition,
we develop a method to calculate statistical sig-
nificance of the HMM scores. We implement the
method and test them on two sets of experimen-
tal data generated by two different types of mass
spectrometers, and compare the results with MAS-
COT and SEQUEST. Under the same condition,
PepHMM has a much higher accuracy (with 6.5%
error rate) than MASCOT (with 17.4% error rate),
and covers 43% and 31% more spectra than SE-
QUEST and MASCOT, respectively.

1 Introduction

Mass spectrometry, especially tandem mass spec-
trometry, has become the most widely used method
for high-throughput identification of peptides and
proteins. Computational analysis of mass spec-
trometry data is essential for all applications that
are based on this technique. Corresponding meth-
ods have also been developed for (1)identification
of peptides [2, 3, 12, 13, 15, 16, 17, 20, 23, 25, 21,
28, 37, 43, 53, 54, 55], and proteins [19, 33, 36, 44]
via protein database searches, (2) de novo pep-
tide sequencing [4, 9, 14, 18, 30, 32, 50], pro-
tein sequencing [6], identification of sequence tags
[18, 34, 48, 49], and decomposition of b and y ions
[8, 52], (3) identification of modified or mutated
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peptides [22, 31, 38, 39], (4) identification of cross-
linked peptides [5, 10], (5) verification of genes on
the genome [9, 47], and (6) pre-processing mass
spectra [7, 24, 35, 41, 51]. In addition, prediction of
peptide fragmentation patterns have also been ex-
tensively studied in [26] and [27]. Reviews of these
methods can be found in [45] and [44].

The more widely used method is the database
search. In a database search framework, candidate
peptides from a protein database are generated us-
ing specific enzyme digestion. A scoring scheme
is used to rate the quality of matching between
an experimental mass spectrum and a hypotheti-
cal spectrum that is directly generated for a candi-
date peptide sequence from the protein database. If
the database is a complete annotation of all coding
sequences in a genome, ideally a good scoring func-
tion is able to identify the right peptide sequence
with the best score. However, the actual MS/MS
spectra are complicated because of unknown ion
types, unknown charges, missing ions, noise, iso-
topic ions, and machine errors. As a result, the
successful identification of peptide sequences using
MS/MS remains a challenging task.

Database search programs that have been devel-
oped differ in their methods of computing the cor-
relation score between a spectrum and a peptide se-
quence. The first program, SEQUEST, developed
by Eng et al. (1993) [17] used a cross-correlation
scoring function. Perkins et al. (1999) [37] later
developed a program called MASCOT, which intro-
duced a p-value based probabilistic scheme to access
the significance of peptide identification. Similar
programs that use probability-based scoring func-
tions and other methods include Hypergeometric
[43], OMASS [23], OLAV [12], ProbID [54], Pro-
found [55], ProteinProspector [11], SALSA [25],
SCOPE [3], SHERENGA [14], and SONAR [20].

In this paper, we develop a probabilistic scor-
ing function (called PepHMM) to calculate the
probability that a spectrum s is generated by a
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peptide p, Pr(s|p). This scoring function com-
bines information on correlation among ions and
on peak intensity and match tolerance into a hid-
den Markov model(HMM). The model automati-
cally detects whether there is a match between a
mass peak and a hypothetical ion resulting from
the fragmentation of the peptide. The detection is
based on the local information on the intensity of
the matched mass peak and the match tolerance,
and also on the global information on all matches
between the spectrum and the peptide. Because
Pr(s|p) varies in accordance with the density of
s, the distribution of the peak intensities, and the
mass of the precursor ion, we convert Pr(s|p) into a
Z-score Z that measures the ranking of the score of
this peptide among all possible peptides that have
the same mass. For a given database, we can eas-
ily calculate the E-score E, the expected number of
peptides that have a score better than Z.

2 Material and Methods

2.1 Datasets

We obtained a mass spectra data set from ISB [29].
Two mixtures, A and B, were obtained by mix-
ing together 18 purified proteins of different physic-
ochemical properties with different relative mo-
lar amounts and modifications. Twenty-two runs
of LC/MS/MS were performed on the data sets,
of which 14 runs were performed on mixture A
and 8 on mixture B. The data sets were ana-
lyzed by SEQUEST and other in-house software
tools, with 18,496 peptides assigned to spectra of
[M + H]2+, 18,044 to spectra of [M + H]3+, and
504 to spectra of [M + H]+. The peptide assign-
ments were then manually scrutinized to deter-
mine whether they were correct. The final data
set contains 1,649 curated [M + H]2+ spectra and
1,010 curated [M + H]3+ spectra and 125 curated
[M + H]+ spectra. Fixed on complete trypsin di-
gestion, the datasets have 857 [M + H]2+ spec-
tra and 646 [M + H]3+ spectra and 99 [M + H]+

spectra. In this study, we first consider charge 2+
spectra, then apply the same method into charge
1+ and charge 3+ spectra.

We also obtained a spectra data set in Austin
Yang’s lab, which consists 2 runs of LTQ data, a
total of 20,980 spectra from a mixture of human
proteins containing a protein called microtuble-
associated protein tau isoform. The data has been
interpreted by SEQUEST and MASCOT. We will
use this dataset to compare PepHMM with SE-
QUEST and MASCOT.

2.2 Analysis of Peak Intensity and
Match Tolerance

The distributions of peak intensity and match tol-
erance play a crucial role in the scoring function.
These distributions determine the quality of the
match between a mass peak and a hypothetical ion
of a peptide.

To obtain information on peak intensity, we use
different formats to plot the peak intensity, relative
intensity, absolute intensity, and relative ranking.
The best characterization of the intensity informa-
tion is the relative ranking. We compute the rel-
ative rankings of mass peaks as follows. We rank
mass peaks according to their intensities in a de-
scending order, and then normalize them between
0 and 1, where 0 is for the highest intensity and 1
for the lowest. Figure 1 shows the distribution of
b ion intensities using the relative ranking (y ions
show the same trend). Clearly, the relative ranking
of a matched mass peak conforms to an exponential
distribution, as shown in Figure 1(a). Figure 1(b)
shows a uniform distribution for noise, obtained by
excluding the matched mass peaks from the train-
ing data set.

Figure 1: Distribution of peak intensity in the train-
ing set. (a) b ion intensity. (b) Noise intensity.

The distribution of the match tolerance of b and
y ions is shown in Figure 2. Figure 2 shows that
this distribution agrees with a normal distribution
except that the right-hand side has a small bump
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Figure 2: Distribution of match tolerance of b and
y ions in the training set.

at around +1 mass/charge, at which isotopic peaks
appear. For simplicity, we use the normal distribu-
tion to model the match tolerance for all ions and
a uniform distribution for noise.

2.3 Framework of Database Search

For the database search, we use a non-redundant
protein sequence database called MSDB, which
is maintained by the Imperial College, London.
We downloaded the release (20042301) that has
1,454,651 protein sequences from multiple organ-
isms. We pre-process the database as follows: for
a specific enzyme such as trypsin, we digest in sil-
ico every protein sequence into small peptide se-
quences, and then we index these peptide sequences
by their masses. The procedure of the database
search follows a standard framework shown in the
following paragraphs.

1. Extracting Peptides. For a given spectrum,
we identify candidate peptide sequences the
masses of which are within 2 Da of the pre-
cursor ion mass, m. The indexing of peptide
masses can greatly speeded up this process.

2. Generating Hypothetical Spectra. For each can-
didate peptide, p, we generate a hypothetical
spectrum h without weights (or intensities). In
fact, the weights are embedded in the HMM
framework. We consider the following seven
ions: b ion, y ion, b-H2O, y-H2O, a-ion, b2+

and y2+.

3. Computing the Probabilistic Score. We com-
pare ions in the hypothetical spectrum with
mass peaks in the experimental spectrum. The
comparison results in three groups: match,
where a peak in the experimental spectrum
is within a range of mass tolerance of an ion;
missing, where an ion does not match to any

peak; and noise, where a mass peak does
not match any ion in the hypothetical spec-
trum. Initially, we use a simple match tol-
erance threshold (+/ − 2 m/z) to classify
the comparison into these three groups. Then
we apply the initial classification as input for
PepHMM. The PepHMM automatically deter-
mines whether they are actual matches, miss-
ings, or noise, and it returns a score Pr(s|p).
The details of PepHMM are described in Sec-
tion 2.4.

4. Computing the Z-score. We simulate 500 ran-
dom peptides the masses of which are within
[m − 2,m + 2], and we calculate HMM scores
for these peptides using the above procedure.
This simulation is done once for this spectrum.
We adjust the HMM scores by the length of the
peptides, and we calculate the mean µ and the
standard deviation σ. Based on µ and σ, we
compute a Z-score Z for peptide p.

5. Computing the E-value. Given the size of the
database, we calculate the expected number of
peptides for which the Z-scores are better than
Z.

2.4 Probabilistic Scoring Function

The notations are defined as follows. Let s =
{s1, s2...} be the given spectrum, and p be a candi-
date peptide with N peptide bonds. For simplicity
of description, we assume that only b and y ions
are considered. We will describe how to incorporate
other ions later. Therefore, the hypothetical spec-
trum h for p consists of 2N ions: h1, h2, ..., h2N . We
match h with s into sets of matches, missings, and
noise using the following two rules: (1) each ion is
either matched to a mass peak within the machine
accuracy or labelled as missing, and (2) each mass
peak is either matched to the closest ion within the
machine accuracy or labelled as noise. In training,
we choose the closest mass peak sj for ion hi, while
in testing, we choose the best mass peak according
to the emission probability of Pr(sj |hi)). In this
paper, we use the probability for both the proba-
bility mass function and the probability. The prob-
abilistic scoring function has two components: the
matches and the missings as one component and
the noise as the second. The probability of the
first component can be calculated through an HMM
framework. Note that whether sj matches to hi de-
pends upon the Pr(sj |hi)) and other ion matches,
and will be determined through the HMM frame-
work.
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HMM Structure

We model the information of consecutive and com-
posite ions into an HMM framework as shown in
Figure 3. For each fragmentation (or position),
there are four possible assignments corresponding
to four hidden states: (1) both the b ion and the
y ion are observed, (2) the b ion is observed but
the y ion is missing, (3) the y ion is observed but
the b ion is missing, (4) neither of the two ions is
observed. The information on consecutive ions is
modelled into the transition probabilities between
states, and the information on the composite ions
is modelled into hidden states. In order to deal
with different lengths of peptides in the same fash-
ion, we only include five positions of fragmentations
here, the first two peptide bonds, the middle pep-
tide bonds, and the last two peptide bonds. Analy-
sis of the training data shows that the middle pep-
tide bonds have similar properties: percentages of
observed b ions and y ions, percentages of consecu-
tive ions, and percentages of composite ions.

The input to the HMM are: sets of matches, miss-
ings, and noise. Each match is associated with an
observation (T, I), where T is the match tolerance
and I is the peak intensity. We model the infor-
mation of (T, I) into the emission of each state. In
our case, an observation state is the observed (T, I),
and a hidden state is the true assignment of this ob-
servation. Since (T, I) can be an error observation,
the fourth state emits an error observation. On the
other hand, if there is no observation, the fourth
state emits a missing observation. For each pair
of a spectrum and a peptide (s, p), a dynamic pro-
gramming algorithm can calculate the probability
that s is generated by p.

The HMM method has several advantages. First,
the model emphasizes the global assignments of
matches. True assignments of observations (the
optimal path in HMM) are automatically selected
through a dynamic programming algorithm along
with the learned parameters. Second, we do not
use a hard threshold for match tolerance or peak
intensity. Instead, we model them into probability
mass functions, of which parameters can be trained
through an expectation-maximization (EM) algo-
rithm. Third, we give weights (probability mass
function) for matches and use all peaks for compar-
ison (including low intensity peaks).

Other types of ions(b-H2O, y-H2O,b2+,y2+,a) are
also considered separately in our model Due to the
limited size of the training data set, we assume that
the appearance of other types of ions is indepen-
dent.

HMM Algorithms

The dynamic programming algorithms and the EM
algorithm can be found in the appendix.

2.5 Significance of HMM Scores

The HMM scores vary in accordance with the length
of peptides, the densities of spectra, the distribu-
tions of peak intensities, and so on. Here, we pro-
pose a general way to compute the significance of
an HMM score. This method can be applied to
any other scoring function. The central idea is to
compute the ranking of a score among all possible
scores. Given a spectrum s with precursor ion mass
m and machine accuracy δ, we consider all peptides
with masses within the range of [m − δ,m + δ] as
a complete set Q. If we can score every peptide in
Q against s using our PepHMM, we can obtain a
complete set of HMM scores, and easily compute
the ranking of the score. However, in general there
are an exponential number of peptides in Q, so just
listing every peptide in Q is already unrealistic. For
simplicity, we assume that the size of Q is infinite
and that the HMM scores (logarithm) of peptides in
Q follow a normal distribution. In the following, we
describe how to compute the mean and standard de-
viation for the normal distribution, with which we
can calculate the significance of a score.

1. Building a Mass Array. Without loss of gen-
erality, we assume that all masses are integers
and that every amino acid is independently and
identically distributed. Let A be a mass array,
where A[i] equals the number of peptides with
mass exactly i. We compute A in linear time
using the following recursion:

A[i] =
∑
aa

A[i−mass(aa)], A[0] = 1,

where aa is one of the 20 amino acids and
mass(aa) returns the mass of aa. The size of A
depends upon the accuracy and the measure-
ment range of mass spectrometry machines. In
our study, we build an array with an accuracy
of 0.01 Da and a range of up to 3,000 Da. The
size of A is 300,000. We build this array once
for all applications. We can easily adapt our
method to the case that difference amino acids
have different frequencies.

2. Sampling Random Peptides. We describe how
to generate a random peptide. First, we ran-
domly select a peptide mass m′ ∈ [m−δ,m+δ]
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Figure 3: The hidden Markov model for the scoring function.

using the following probability:

A[m′]/
m+δ∑

i=m−δ

A[i].

With m′, we generate amino acids from the last
one to the first one. The last amino acid aa is
selected using the following probability:

A[m′ −mass(aa)]/A[m′].

We repeat this process to generate a random
peptide with mass m′. We sample 500 random
peptides, calculate the HMM scores for them,
and compute the mean and standard deviation
of the normal distribution. This step is done
once for a spectrum.

3. Calculating the Z-score. We use the above nor-
mal distribution to calculate the Z-score for
each HMM score. The Z-score is a measure of
the distance in standard deviations of a sample
from the mean.

This approach to the significance of a score is
unique in that it assumes a database of random se-
quences, and computes the ranking of a score as its
significance. Given a specific database, we can cal-
culate an E-score, the expected number of peptides
with scores better than the Z-score.

3 Results

Training of Parameters

We randomly partition the ISB’s 857 [M + H]2+

data set into a training set with about 687 spec-
tra and a testing set with about 170 spectra (5 fold

validation). Using the training set, the EM algo-
rithm converges after 40 iterations. The parameters
for the normal distribution of match tolerance are
µ = −0.0385 and σ = 0.119. The parameters for
the exponential distributions of peak intensities are
λb = 4.223 for b ions, and λy = 6.421 for y ions. We
also trained the same parameters using other data
sets and the parameters change very little compared
to the above values.

Comparison with MASCOT

MASCOT [37] is generally considered to be the best
available program for mass spectrometry database
search. We compare the accuracy of our program
against that of MASCOT using the same database
of MSDB. We use 5-fold validation using ISB’s
Charge +2, Trypson-digested data set as mentioned
before, and repeat it 10 times to obtain 10 groups of
training and testing sets. For each group, we train
the HMM and use the trained HMM for prediction.
The parameters trained by the EM algorithm are
very similar across all the training sets. We also run
MASCOT from its website on these testing spectra.
Both programs use MSDB for searches. A predic-
tion is considered to be correct if and only if the
correct peptide has the highest score. Table 1 lists
the number of testing spectra and the number of er-
rors by PepHMM and MASCOT for each of the ten
groups. Clearly, PepHMM outperforms MASCOT
in every group. The average error rate for PepHMM
(3.6%) is less than half of that of MASCOT (8.5%).

In addition, we run a thorough test for all of
ISB’s data using the parameters estimated from the
Charge +2 data and the same database, MSDB.
PepHMM outperforms MASCOT in all three differ-
ent charges of +1, +2 and +3. Table 2 shows the
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Table 1: Comparison of MSDB search results by
PepHMM and MASCOT on ISB’s Charge +2 data

Groups # of Testing Errors by Errors by
Spectra PepHMM MASCOT

1 170 2 16
2 173 11 17
3 171 4 12
4 176 8 14
5 171 4 14
6 181 7 18
7 182 6 14
8 171 7 14
9 166 8 15
10 177 5 14

Sum 1,738 62 (3.6%) 148(8.5%)

Table 2: Comparison of MSDB search results by
PepHMM and MASCOT for all of ISB’s data

Charge # of Testing Errors by Errors by
Spectra PepHMM MASCOT

1 99 15 27
2 857 25 97
3 646 64 155

Sum 1602 104 (6.5%) 279(17.4%)

number of incorrect predictions by PepHMM and
MASCOT. In general, PepHMM’s error rate (6.5%)
is less than one-third of that of Mascot(17.4%).

Comparison with SEQUEST and
MASCOT

Using the parameters trained from ISB’s data, we
test our program on 20,980 spectra (two runs) gen-
erated by the LTQ mass spectrometer at Dr. Austin
Yang’s Laboratory, and compare the database
(MSDB) search results of PepHMM with those of
SEQUEST and MASCOT. As being defined before,
a prediction is correct if and only if the predicted
peptide (with the highest score) is within the target
protein sequence of human microtuble-associated
protein tau isoform. Table 3 shows the correctly
predicted spectra by PepHMM, SEQUEST and
MASCOT respectively. PepHMM gave 43% more
correct predictions (a total of 248 correct predic-
tions) than SEQUEST (174 predictions), and 31%
more than MASCOT (189 predictions). Clearly,
PepHMM has a much better coverage than both
SEQUEST and MASCOT.

Table 3: Correct predictions made by PepHMM,
SEQUEST and MASCOT on Yang’s data

Run # Spectra PepHMM SEQUEST MASCOT
1 11,246 153 110 112
2 9,734 95 64 77

Total 20,980 248 174 189

Table 4: False positive rates and true positive rates
for different Z-score thresholds.

Z-Score False positive rate True positive rate
4 88.21% 100%

4.5 61.07% 100%
5 26.74% 99.88%

5.5 7.63% 99.26%
6 1.66% 97.06%

6.5 0.3% 93.50%

Accessing False Positives

It is also important to estimate the false positive
rate of PepHMM for unknown mass spectra. To
calculate the false positive rate, we need to con-
struct a positive set of annotated mass spectra and
a database, as well as a negative set in which spec-
tra and the database do not match. We choose the
above ISB data and the human protein database
plus the 18 purified proteins as a positive set. At the
same time, we choose a set of published mass spec-
tra of human proteins from ISB using ICAT experi-
ments [?] and the reversed human protein database
as the negative set. This human ICAT data set con-
tains 21,592 charge +2 spectra from 41 runs. The
reverse human database contains the reversed pro-
tein sequences of human protein sequences. Any
match found in the negative set is incorrect.

Figure 4: HMM Z-score distribution for the nega-
tive set and the positive set.

The histogram of the Z-score distribution of the
positive set and the negative set is shown in Figure
4. The false positive rates and the true positive
rates are shown in Table 4. Table 4 reveals that even
at a high threshold PepHMM still has a high true
positive rate, while the false positive rate becomes
very small.

4 Discussion

We have developed an HMM-based scoring func-
tion, PepHMM, for mass spectra database search.
We show that this scoring function is very accu-
rate with a low false positive rate, and that it out-
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performs both SEQUEST and MASCOT through
large-scale test sets. The HMM structure is flexible
in such a way that other ion types can be included.
Currently, we do not separate charge +2 peptides
into mobile, half-mobile and non-mobile due to the
limited size of the training data. We do not use
the sequence information that is useful for predict-
ing mass peak intensities as having being explored
in [27] and [26] because we do not have the train-
ing data for this purpose. How we can incorporate
these data into our model remains an open question.
Another challenge is to score a mass spectrum with
post-translational modifications.
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