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4 Database Searching and Aligning Mass

Spectra

“If it looks like a duck, and quacks like a duck, we have at least to consider the
possibility that we have a small aquatic bird of the family Anatidae on our hands.”
(Douglas Adams, Dirk Gently’s Holistic Detective Agency)

GIVEN A MEASURED SAMPLE SPECTRUM and a database with reference spectra, there are
two questions to be answered: Which reference spectrum matches best with the measured?

And how certain are we, that our identification is correct? In this chapter, we will focus on the
first question; the second question will be addressed in Chapters 5 and 6.

Our presentation in this chapter will again focus on identifying peptides using tandem mass
spectrometry. It must be understood that many of the concepts introduced here, can also be
used in quite different contexts such as metabolite identification (Chapter 13) or glycan de novo
sequencing (Chapter 14). Focusing on peptides, will help us to fill our theoretical concepts
with some “meat”. Also note that reference spectra can be computed on the fly for peptide
identification, using a protein sequence database.

In the following, we assume that M is the reference spectrum we want to compare against;
and that M ′ is the measured spectrum of our sample using an MS instrument. For the ease of
presentation, we assume that both M and M ′ are sets of masses. In fact, we can easily add
more “peak attributes” to this framework without having to change the formal presentation:
We can think of these attributes as maps from the set of masses, to some set representing the
possible attribute states. One such attribute that we will make use of repeatedly, are peak in
intensities in the measured spectrum. For the reference spectrum, a possible peak attribute is
the ion series the peak stems from.

[TODO: INTRODUCE PSM]
From the conceptual side, the problem of searching for something in a database is not as

intellectually challenging as de novo sequencing, where we search through the much larger
space of all possibilities. Algorithmically, there has been not much progress to attack, say,
PTMs for peptide database searching. As a funny twist, it turns out that some approaches
for accelerated peptide database searching, rely heavily on spectrum graphs and other ideas
from the previous chapter; see Sec. 16.3. These approaches speed up tasks such as searching
with PTMs, or searching for batches of spectra, and are currently the only ones conceptually
convincing.

4.1 Matching mass spectra

Given a protein string, it is quite easy to simulate, say, tryptic digestion in silico, see Exer-
cise 1.1. But it is similarly easy to simulate the tandem mass spectrum of a peptide — at least,
if we assume some simple model of peptide fragmentation, such as the one from the previous
chapter, or the one presented in Sec. 4.4 and 4.5. In fact, we have implicitly “simulated” such
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peptide tandem mass spectra in the previous section. We leave the details to the reader, see
Exercises 4.1 and 4.7.

In Chapter 2, we have implicitly introduced a simple approach to compare two mass spectra:
We did so by counting the peaks that occur both in the measured spectrum M ′ and in the
reference spectrum M . This number will be called peak counting score in the following, but
goes under many different names in the literature. The idea behind this, is that the measured
spectrum is fixed, whereas we are searching for a best match in the database. As introduced
in Sec. 2.5.6, we have to allow for some mass deviation ε > 0 between the masses of measured
and reference peak. In the following, we will also look at other ways to compute a score for the
reference spectrum M by comparing it to the fixed measured spectrum M ′.

What exactly do we mean with “counting common peaks”? In fact, there are at least three
different interpretations:

1. We want to match pairs of peaks: That is, every peak in the reference spectrum M can be
matched with at most one peak in the measured spectrum M ′, and vice versa, to contribute
towards the score.

2. Each peak in the reference spectrum M can be matched with at most one peak in the
measured spectrum M ′; but a peak in the measured spectrum M ′ may be matched to
many peaks in the reference spectrum M .

3. Each peak in the measured spectrum M ′ can be matched with at most one peak in the
reference spectrum M ; but a peak in the reference spectrum M may be matched to many
peaks in the measured spectrum M ′.

Intuitively, the first interpretation appears to be the most “natural”; but it turns out that the
second interpretation is also quite reasonable in many applications. We will call the first a one-
to-one matching, and the second a many-to-one matching. In contrast, the third interpretation
should hardly ever be relevant in applications. We will discuss this later and, for the moment,
concentrate on the one-to-one matching case.

Example 4.1. We now give an example meant to demonstrate various problems of the peak
counting score. Assume that we have measured the spectrum

M ′ = {200,300,500,515,700}

and we want to compare it against a set of reference mass spectra in our database, namely:

M1 = {100,175,350,480,490,550}

M2 = {200,270,300,500}

M3 = {205,505,705,850}

M4 = {190,310,490,710}

M5 = {100,150,200,250, . . . ,600,650,700}

Assume that ε = 10 is the mass deviation that we believe to be reasonable. Now, we find that
M1 has one peak in common with M ; both M2 and M3 have three; and both M4 and M5 have
four peaks in common.
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What are the problems with the peak counting score in Example 4.1? First, changing
parameter ε slightly can dramatically change the score. For example, spectrum M4 has score
four for ε = 10, but if we instead choose ε = 9.9 then the peak counting score decreases to zero.
But also for spectra that are not in this “critical zone”, it is understood that M2 fits the observed
data better than M3, but this is not reflected in the score. Finally, reference spectra with many
peaks such as M5 get a better score, because the are more likely to hit a peak mass in M just
by chance. We have observed this problem at the end of Sec. 2.5.3.

In view of this, it seems reasonable to score mass deviations a little more carefully. To this
end, we assume that we are given some mass scoring function f : R≥0 ×R≥0 → R that, for a
pair of peaks at masses m (for the reference peak) and m′ (for the measured peak), judges the
similarity of these peaks based on their masses. For a mass scoring function to be true to the
application, we may demand an additional property: If M′ < m′ < m or m < m′ < M′ holds,
then f (m, M′) < f (m,m′). Similarly, if M < m < m′ or m′ < m < M then f (M,m′) < f (m,m′). A
mass scoring function is called strictly monotonical if it satisfies these two conditions. A weaker
condition is that M′ < m′ < m or m < m′ < M′ implies f (m, M′) ≤ f (m,m′), and that M < m < m′

or m′ < m < M implies f (M,m′) ≤ f (m,m′). In this case, the mass scoring function is called
monotonical. For example, the peak counting score for any ε> 0 is monotonical but not strictly
monotonical. The above are a quite reasonable conditions: For example, f (M,m′) > f (m,m′) for
M < m < m′ or m′ < m < M would imply that matching the measured peak at mass m′ with
the more distant reference peak M, is more sensible than matching it with the closer reference
peak m.

Example 4.2. Let g(m,m′) := 1−2
∣∣m−m′∣∣ for m,m′ ∈ R≥0. Then, g is a mass scoring function

that is strictly monotonical. In particular, we have g(m,m′)≤ 1 for all m,m′; g(m,m′)= 1 if and
only if m = m′; and g(m,m′)= 0 for

∣∣m−m′∣∣= 1
2 . [TODO: BILD EINFUEGEN]

We now assume that peak pairs are scored by some score function σ : M ×M ′. Such a
score function is usually derived from a mass scoring function, but can take into account other
attributes such as intensities. An alignment of the mass spectra M and M ′ is a matching of
the two sets, where a subset of M is bijectively mapped onto a subset of M ′. To penalize peaks
that are not matched with any counterpart, we introduce a gap character ε. Here, σ(ε,m′) ≤ 0
penalizes a missing peak m′ ∈M ′, whereas σ(m,ε)≤ 0 penalizes an additional peak m ∈M . We
define the score of a matching as:∑

m matches m′
σ(m,m′)+ ∑

missing peaks m′ ∈M ′
σ(ε,m′)+ ∑

additional peaks m ∈M

σ(m,ε) (4.1)

Example 4.3. [TODO: BEISPIEL EINFUEGEN]

Crossing matchings (shown in Example 4.3) are not admissible, because they are physical
nonsense. In fact, a strictly monotonical mass scoring function will never result in a crossing
matching:

Lemma 4.1. Given two mass spectra M ,M ′ and a strictly monotonical mass scoring function
f :R≥0×R≥0 →R. Assume that the optimal alignment of M and M ′ under the scoring σ(m,m′) :=
f (m,m′) aligns the masses A ⊆M×M ′. Then, for two matched mass pairs (m1,m′

1) and (m2,m′
2)

from A , we have m1 < m2 if and only if m′
1 < m′

2.

See Exercise 4.8 for the proof of the lemma. The optimal matching can be found by aligning
the spectra, so we use dynamic programming for the table D[1. . .n,1 . . .n′] with n := |M | and
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n′ := ∣∣M ′∣∣. We initialize D[0,0] = 0, D[i,0] = D[i −1,0]+σ(mi,ε) for i = 1, . . . ,n, and D[0, j] =
D[0, j−1]+σ(ε,m′

j). We use the following recurrence to fill the table:

D[i, j]= max


D[i−1, j]+σ(mi,ε)
D[i−1, j−1]+σ(mi,m′

j)

D[i, j−1]+σ(ε,m′
j)

(4.2)

The score of an optimal alignment between Obviously, the method requires O(n ·n′) time and
memory. After filling the matrix, the optimal score can be found in entry D[n,n′]. To find the
optimal alignment we use backtracking through D. Consider the measured spectrum M and
reference spectrum [TODO: WHICH?] from Example 4.1: Using the mass scoring function from
Example 4.2 with gap penalty −1, the best alignment has score 1. In application, the optimal
alignment can usually be found much faster than the worst-case running times suggests: but is
faster in application normally. For example if σ(m,m′) < σ(m,ε)+σ(ε,m′) matching m and m′

causes the optimal alignment in no case. This banded estimation needs only linear time and
memory.

4.2 Fundamentals of scoring and mass accuracies

We will now prepare a “base stock” for scoring the agreement of two mass spectra and, in
particular, scoring a measured spectrum against a reference spectrum. Our main ingredients
will be “mass differences” and “peak intensities.” Other ingredients and flavors can be added at
your own choice.

For our score, we will use log odd scores, as defined in statistics: We want to differentiate
between two statistical models, one for our hypothesis and one for the background. Here, we
look at a pair of peaks, one from the measured spectrum and one from the reference spectrum,
that have been matched by our spectrum alignment algorithms. Now, the two models are “the
measured peak is an incorporation of the reference peak” vs. “the measured peak is simply noise,
and has nothing to do with the reference peak.”

Odd scores are used to differentiate between the two models, by computing the ratio

oddscore= P(D|H1)
P(D|H0)

where D is the observed data (the peak in the measured spectrum), H1 is our hypothesis (the
measured peak belongs to the reference peak), and H0 is the null model (the measured peak is
noise). For oddscore > 1 we would accept the model H1, and for oddscore < 1 the null model H0
is more likely.

Log odd scores do pretty much the same as odd scores:

logoddscore= log
P(D|H1)
P(D|H0)

(4.3)

Here, the logarithm can be computed to an arbitrary (but fixed) basis, such as the natural
logarithm with basis e. For log2 the resulting log odd scores are called bit scores. For
logoddscore > 0 we accept the model, for logoddscore < 0 we reject it. Log odd scores have
the advantage that we can sum them (instead of multiplying likelihoods) to receive a statistical
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meaningful number: That is, the log odd score that all the matched peaks of the measured
spectrum belong to their reference counterparts, vs. all the measured peaks are noise.

Now, assume that the model is true, that is, the measured peak belongs to the matched
reference peak. Then, it is usually impossible to predict the intensity of the fragment peak
solely from its molecular formula. But we can use the mass difference between the measured
peak and the molecular formula to assess whether the model holds: We want to assess the
likelihood that the mass differences between measured and reference peaks, corresponding to
the mass error of the measurement, can get this large or larger by chance.

The probability to observe a certain mass error, clearly depends on the accuracy of the
instrument: If the instrument has a bad mass accuracy (for example, ion trap MS) than we
will observe large mass errors much more often than for an instrument with excellent mass
accuracy, such as orbitrap MS. In fact, mass spectrometry literature reports mass accuracies of
instruments and measurements: This is a unit-free number, usually given in parts per million
(ppm), showing the relative mass accuracy of the measurement or instrument. For example, if
we measure an ion with mass 1000 Da at mass 1000.03 Da, then the “mass accuracy” of the
measurement is |1000−1000.03|

1000
= 3 ·10−5 = 30ppm. (4.4)

Unfortunately, the mass accuracy reported in the literature often refers to such a single
mass difference: Zubarev and Mann [248] coined the term anecdotal mass accuracy for the
“selective reporting of mass measurements, usually to demonstrate the capabilities of the
author’s instrument.” Such anecdotal mass accuracy “should clearly be distinguished from
routine instrument performance in day to day use.” Zubarev and Mann also proposed to use
the term “mass deviation” instead of “mass accuracy” for an individual mass error, such as the
one in (4.4).

We need, in contrast, a statistical mass accuracy that assigns probabilities to different mass
errors. It turns out that mass errors are roughly normally distributed with mean zero. We
can argue statistically, that some random variable that is the sum of numerous other random
variables that account to the final peak mass measured in the spectrum, should be normally
distributed. But this fact has also been verified experimentally in at least two studies [117, 248].

But before we continue, a warning is in place: Observed mass errors are in fact the sum of a
systematic mass error due to poor calibration, and the statistical mass introduced above. The
systematic mass error can be countered by calibration using (internal or external) standards,
or by hypothesis-driven recalibration, see Sec. 7.5 below for more details. Only after we have
removed the systematic mass error from the measurement, it is reasonable to assume that mass
errors are statistically distributed.

[TODO: CONTINUE:] and we calculate this likelihood as the two-sided area under the
Gaussian curve with SD 1/3 of the relative mass error.

How to define a expedient scoring function? We know from mass spectrometry that mass
deviations are nearly uniformly distributed.

The probability P(mass deviation≤ ε) is the integral from both sites, labeled red in Figure 4.1.
The expectation value is µ = 0 for a well calibrated instrument. The standard deviation is
σ = 1

3
z

106 m, where z is the mass accuracy of the instrument z ppm. We assume that 99,7%
of the measurements lie in these area, that is consistent with σ = 1

3
z

106 m. Using the Normal
distribution, we cannot rule out that arbitrarily large mass deviations occur; we just assume
that they are arbitrarily unlikely. For example, we implicitly assume that 99.9999998% of all
measurements are at least within twice the stated mass accuracy, and less than two in a billion
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Figure 4.1: We model the distribution of mass deviation ε as a Normal distribution N (0,σ) with
mean zero. Then, 99.7% of the measured mass deviations lie between −3σ and +3σ.

measurements show a larger mass deviation.1 We estimate the probability that of observing a
mass difference of

∣∣m−m′∣∣ or larger as:

P(D|H1)=P(mass difference of m−m′ or more)= erfc
( ∣∣m−m′∣∣
p

2σmass

)
= 2p

2π

∫ ∞

z
e−t2/2dt (4.5)

with z := |m−m′|
σmass

, where m,m′ are the masses of the measured and the reference peak, and σ is
the standard deviation of the Gaussian mass error distribution. [TODO: PLUS C??] [TODO:
EXPLAIN erfc]

For the background model, we cannot use the mass of the peak since, in general, noise peaks
may appear at any mass. But we can use the peak intensity for this purpose: Evaluations have
shown that noise peak intensities are roughly exponentially distributed; see for instance Fig. 4
in Goldberg et al. [93]. Let λeλx be the exponential distribution with parameter λ, where x is
the peak intensity. The likelihood of observing a noise peak with intensity y or higher is

P(intensity noise≥ y)=
∫ ∞

y
λeλxdx = e−λy. (4.6)

Taking the natural logarithm, we reach −λy for intensity y.
Since this likelihood appears in the denominator of the log odds term, we simply add the peak

intensity, multiplied by a constant representing the noise in the spectrum, to the score. Finally,
we can use prior probabilities, computing the odds ratio that any peak is not noise: We add a
constant b, being the logarithm of this odds ratio, to each vertex score.

It is possible to integrate more peak attributes to the scoring function. For instance high
peaks get a better score by adding the intensity to the score, that solves the threshold problem.

To get log odds we assign for each pair of peaks m′ and m

score(m,m′)= log
P(peak m′ is signal at m)
P(peak m′ is noise peak)

(4.7)

If peak m′ is signal at m then the intensity of m′ is only relevant if we know the intensity of
the reference peak m, what we normally don’t do. So the mass deviation is |m−m′| If m′ is a
noise peak there is no mass deviation, so we need a model for the distribution of the intensities
of noise peaks. The exponential distribution fits well. For X ∼ Exp(λ) holds

P(X > x)= e−λx and logP(X > x)=−λx (4.8)

1We cannot rule out that a meteor hits and destroys the earth tomorrow; it is just very, very unlikely.

63



DRAFT

4 Database Searching and Aligning Mass Spectra

The score is know simply the sum of individual scores for all peaks in the spectrum.
Score additional and missing peaks.
We can also take into consideration the mass error of the parent mass, corresponding to the

precursor ion.

4.3 Additional peaks: To penalize or not to penalize?

We
The same argumentation holds for scoring the mass error of the parent mass: For a single

measured spectrum, this is not required to find the best match in the database. But as soon
as we want to compare the score of Peptide-Spectrum Matches for many measured spectra, this
score modification should be taken into account.

4.4 Ion series revisited: The abc and xyz of peptide

fragmentation

If you take a look at any peptide fragmentation mass spectrum, there is obviously more going on
than what we pretended in Chapter 2. Compare Fig. 4.2 below, to Fig. 2.1 on page 16: Besides
the two “main” ion series b and y considered so far, there are at least four more ion series,
namely a, c, x, and z ions. The following description is tailored towards CID (Collision-Induced
Dissociation) peptide fragmentation, which still is the predominant method for this purpose.
Keep in mind that there are many obvious and subtle differences for, say, ETD (Electron-
Transfer Dissociation) peptide fragmentation.

a1
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b1

y3
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z3

O

R3O

R2

R1

O

NH2

4

OH

O

R

N
H

N
H

N
H

a2

x2

b2

y2

c2

z2

a3

x1

b3

y1

c3

z1

Figure 4.2: Fragmentation of a peptide into a,b,c and x,y,z-ions. This figure oversimplifies the
fragmentation process, as hydrogen atom rearrangements are omitted.

But peptide fragmentation is not as simple as Fig. 4.2 might suggest: In fact, fragmentation
is a rather involved process that can comprise a series of rearrangements of the molecule,
before the actual fragmentation takes place. In fact, peptide fragmentation by Collision-Induced
Dissociation is still an active field of research in the mass spectrometry community, even after
more than 20 years. We will not go into the details, but rather stick to a mere description of
what we find in the spectrum.
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prefixes, N-terminal suffixes, C-terminal
series MFM mass series MFM mass
a ions −CO −28.000000 x ions +CO2 +44.0
b ions none ±0 y ions +H2O +18.0
c ions +NH3 +17.0 z ions −NH3 +H2O +1.0
b−H2O, b◦ −H2O −18.0 y−H2O, y◦ none ±0
b−NH3, b∗ −NH3 −17.0 y−NH3, y∗ −NH3 +H2O +1.0

Table 4.1: The ten most important ion series for peptide fragmentation. ‘MFM’ is the molecular
formula modification, that has to be applied to the molecular formula of the prefix or
suffix (without water) to receive the molecular formula of the ion series. As we shift
all masses by a proton mass, this mass modification is deliberately excluded from the
table. For protonated ions, add H + to the molecular formulas, and 1.00728 Da to the
mass. [TODO: CHECK MFM, STIMMEN DIE JETZT SO? MASSEN AUSRECHNEN]

The six most important ion series, plus two important modifications are shown in Table 4.1.
The a, b, and c ion series correspond to prefixes of the peptide; the x, y, and z ion series
correspond to suffixes. To calculate the molecular formula of an ion from a prefix or suffix
string, calculate the molecular formula of the residue string using Table 2.1 on page 18; then,
add or subtract the molecular formula modification2 from Table 4.1, plus H +. We have omitted
the proton from the molecular formula modification in Table 4.1 as we will decrease all masses
in the measured spectrum by a proton mass, as described in Sec. 2.5.5. Just like b and y ions
which are complementary, the same holds for a and x ions, and for c and z ions. The molecular
formula of c and z ions adds up to the molecular formula of the peptide. This is not the case for
b and y ions, whose molecular formula add up to the peptide molecular minus H2.

Example 4.4. Given the peptide ESI with molecular formula C14H25N3O7, assume that ES

is the prefix (N-terminal fragment) and I is the suffix (C-terminal fragment). The molecular
formula of the residue string ES is C5H7N1O3 +C3H5N1O2 = C8H12N2O5, whereas the residue
string I has molecular formula C6H11N1O1. We calculate the corresponding molecular formulas
of the ion series as:

series molecular formula calculation ion
a ion C8H12N2O5 −CO =C7H12N2O4 C7H12N2O4H +

b ion C8H12N2O5 =C8H12N2O5 C8H12N2O5H +

c ion C8H12N2O5 +NH3 =C8H15N3O5 C8H15N3O5H +

x ion C6H11N1O1 +CO2 =C7H11N1O3 C7H11N1O3H +

y ion C6H11N1O1 +H2O =C6H13N1O2 C6H13N1O2H +

z ion C6H11N1O1 −NH3 +H2O =C6H10O2 C6H10O2H +

Again, the molecular formula calculation is missing the proton for convenience. Now, molecular
formulas for a and x ion add up to C7H12N2O4 +C7H11N1O3 =C14H23N3O7 whereas those for c
and z ion add up to C8H15N3O5+C6H10O2 =C14H25N3O7, the molecular formula of the peptide.

2I hereby apologize to all chemists who got a heart attack from seeing the “negative molecular formula,” but it
really makes things easier. It appears that nobody is publishing these modifications, possibly as you can easily be
beaten to death for that by a chemist reviewer. I am taking this opportunity to publish them, once and for all.
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Ions of all ion series may also loose ammonia NH3 or water H2O. This loss will not
happen at the fragmentation side, but somewhere else. In Table 4.1, we show the resulting
molecular formula modifications for b and y ions, which are usually the most intense in a CID
fragmentation spectrum. It is understood how to calculate molecular formula modifications and
masses for the other ion series. Note that z ions and y−NH3 ions have the same molecular
formula modifications; in practice, this means that the corresponding peaks are completely
indistinguishable, and intensities of the peaks will add up in the mass spectrum.

There can be other significant peaks in the spectrum, that we might want to take into account:

• Immonium ions are produced as a secondary fragmentation of the amide bond, combining
an y-type and an a-type fragmentation. From the computational side, this means that
we do not see a substring of the peptide string, but rather a single character. Immonium
ions have structural formula [H3N−−CH−R] + where R is the amino acid side chain. The
molecular formula of an immonium ion is the molecular formula of the amino acid residue,
plus CH3N (without charge) or plus CH3NH + (for the ion). Every amino acid has a
corresponding immonium ion, but fragments of immonium ions can also be observed.
Immonium ions cannot be used for determining the sequence of the peptide, but they
are indicative of the presence or absence of a particular amino acid from the sequence.

• The spectrum may contain multiple-charged molecules, see Chapter 7. Note that doubly-
charged fragments can be common in tandem mass spectra, as the precursor ion is
multiple charged.

• Internal ions are substrings of s that are neither suffixes nor prefixes; internal ions have
terminal composition +H3O and are usually rare in tandem mass spectra.

4.5 Even smarter scoring: Know your application

In Sec. 4.2 we have used several factors to score the measured spectrum against a reference:
Namely, the mass error of fragment ions; peak intensities; missing and additional peaks; the
mass error of the parent mass; and, by summing up all individual scores, also the number
of matched peaks. Now, let us assume that our measured spectrum stems from CID peptide
fragmentation. Then, we can use a much more sophisticated score that, in particular, takes into
account the dependencies between different ion series.

But firstly, we can use immonium ions to modify the score: these ions are indicative of the
presence or absence of a particular amino acid from the sequence. So, if our candidate peptide
contains some amino acid x, then we can reward the existence and penalize the non-existence
of the corresponding immonium ion peak. If, in contrast, our candidate peptide does not contain
some amino acid x,

The following list is tailored towards CID (Collision-Induced Dissociation) peptide fragmenta-
tion, and a much different list is needed for, say, ETD (Electron-Transfer Dissociation) peptide
fragmentation. The important point here, is that some dependencies exist, and can be used to
improve the score.

• If both the b and y ion are present in the measured spectrum, this is a better indication
than a single b or y ion, even if the intensity of the single peak is higher than the summed
intensities of both b and y ion.

• A similar argument holds for a y ion with a water or ammonia loss.
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• Y ions tend to appear in consecutive series, so a “ladder” of five y ions should be scored
better than five y ions distributed with gaps across the peptide sequence.

• All of the above can be used to modify our score, depending on the intensities of the
corresponding peaks.

4.6 Peptide database search programs

See Aaant [1], Steen and Mann [218] or many other reviews for searching peptides in databases.
The following is a list of available approaches for searching peptide databases; I expect it to be
incomplete. The most important database search programs are still MASCOT (which is based
on MOWSE), SEQUEST, and X!Tandem. The other tools are listed in (mostly) chronological
order.

MOWSE (MOlecular Weight SEarch) was developed in 1993 by Pappin et al. [182] and was
initially targeted at the identification of proteins using peptide mass fingerprints. The ref-
erence spectra for each entry in the sequence database are calculated in the preprocessing
for a faster search.

Uses average properties of the proteins in the database to improve the sensitivity and
selectivity of the identification. It takes into account the relative abundance of the peptides
in the database when calculating the score, that is, the chance of getting a random match
to a larger peptide is lower and therefore it will contribute to a higher degree to the score.
Also the protein size effect is compensated for.

MASCOT by Perkins et al. [186] is the successor of MOWSE and is available at
www.matrixscience.com. It can be used for peptide-mass finger print and MS/MS. No
preprocessing of the database is needed. MASCOT converts the MOWSE score to a
probability, that the score was achieved accidentally.

MASCOTScore =−10log10 p (4.9)

The heuristic which is not documented performs well. It is based on a client/server model,
the central MASCOT server searches the database. It handles peptide modifications etc
pp. The performance on MS/MS got better.

SEQUEST by Eng et al. [70] is one of the first tools for searching peptide fragmentation spectra
in databases, see Sadygov et al. [200] some details. SEQUEST is commercially available
from Thermo Finnigan. The software proceeds in two passes: In a first pass, a very simple
scoring is used to find 500 candidates that match the measured spectrum reasonable well.
In the second pass, the reference spectrum is simulated as a “raw” spectrum. Here, the
score of a simulated reference spectrum f : R→ R and a measured spectrum g : R→ R

is computed by correlation as score( f , g) = ∫
m∈R f (m) · g(m) dm. SEQUEST sorts the

500 candidates according to this score. SEQUEST reaches good search results, but the
software is very slow, attributed to it processing “raw” spectral data instead of peak lists.
In fact, it does not compute a single convolution but instead, uses the Fourier transform
to compute several such scores for different mass shifts of the measured spectrum, that
are used to normalize the final score. This is even more time consuming. As we will see in
Sec. 4.7, the correlation approach of SEQUEST is not very far from what we have done in
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Sec. 4.2; this is possibly the explanation why SEQUEST performs very good in practice. On
the downside, the correlation approach requires much more time, and has not statistical
justification.

X!Tandem by Craig and Beavis [47] is an open source tool available from Global Proteome
Machine Organization (http://www.thegpm.org). It is used for MS/MS and database
search and assigns a simple scoring and calculates expectation values and significances.
The latter can be also calculated for protein identifications. X!!Tandem is the parallelized
version. Other Tandem MS search engines are X!P3 and X!Hunter.

VEMS was developed by Matthiesen et al in 2005, the latest release is VEMS 3.0. It is a good
alternative to MASCOT. It is not based on new ideas, but the most ideas and solutions are
included.

xxx by Elias et al. [69]

xxx by McHugh and Arthur [165]

PepProbe by Sadygov and Yates III [199]

ProteinProspector by Clauser et al. [44]

Crux by Park et al. [183]

MS-Dictionary by Kim et al. [135] is somewhat different, as it combines de novo sequencing
and database searching. [TODO: MAYBE, GIVE IT A SEPARATE SECTION? HOW DOES
IT DIFFER FROM KIM et al. [134]??]

Evaluations of these database search tools were performed by Chamrad et al. [36]. [TODO:
LOOK AT KAPP et al. [126]]

There are also tools that do a kind of “database post-processing”:

Peptide Prophet by [128] tries to estimate the probability that the identification is correct,
using the score of any search engine. This is achieved by empirically estimating a score
distribution. It is able to combine the outputs of several search engines to a single score.

PERCOLATOR by Käll et al. [123] Extract multiple features from PSMs reported by other
database search tools. Provide the target and decoy database (a randomized protein
database) to the tool, see Chapter 5. Iteratively adjust weights of features to maximize
the number of peptides matched to the target database at a target false discovery rate
(FDR) using a Support Vector Machine (SVM). It greatly improves the number of Peptide-
Spectrum Matches; but this comes at the cost that we might get results that look like what
we expect; but these might be arbitrarily far from the truth [38].

4.7 The maths of SEQUEST scoring

Not every detail of the original SEQUEST scoring has been described, and some things might
remain mysterious forever, as SEQUEST is now commercial, closed-source software. Still and
all, the idea of correlating the theoretical and measured spectra keeps reappearing in the
computational MS literature, too. This is motivation enough for us to take a short look at
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the maths behind this type of scoring, and to explain why it is ill-chosen for searching peptide
tandem mass spectra.

Now, assume that the theoretical spectrum is given as a function f : R→ R and, similarly,
the measured spectrum is another function g : R → R. In reality, both spectra are discrete
lists of measurements, but for our mathematical considerations it is easier to think of them
as continuous function. For ease of presentation, let us concentrate on a single peak in the
theoretical spectrum, to be matched with a single peak in the measured spectrum. Assume
that the peak masses differ by δ ∈ R. Without loss of generality, let the peak mass in the
theoretical spectrum be zero. It is not fully described how SEQUEST simulates peaks in the
theoretical spectrum, but as the authors talk about “peak width” [70], it is probably not “sticks”
(Dirac’s delta function). For simplicity, we assume that they model the peak shape as a Gaussian
function,

f (x)= 1p
2πσ2

exp
(−x2

2σ2

)
.

Even though calculations for MS physics tell us that peaks should have shapes slightly different
from a Gaussian function, it is still common to model them as a Gaussian, as these are easier
to “handle” from the numerical standpoint. Furthermore, assume that a peak in the measured
spectrum has the ideal shape of a Gaussian function, so g(x) = f (x−δ). If the measured peak
differs from the ideal model shape, this means that the score is reduced. Both peaks have
identical width (parameter variance σ2), but this is done solely to simplify our calculations
below.

SEQUEST (following other publications who described this idea earlier) uses a convolution∫
f (x)g(x) dx to compute the score for the theoretical spectrum, given the measured spectrum.∫

f (x) · g(x) dx =
∫

f (x) · f (x−δ) dx

=
∫

1
2πσ2 exp

(−x2 − (x−δ)2

2σ2

)
dx

= 1
2πσ2

∫
exp

(−2x2 +2δx−δ2

2σ2

)
dx

= 1
2πσ2

∫
exp

(−x2 +δx− 1
2δ

2

σ2

)
dx

= 1
2πσ2

∫
exp

(−(x− 1
2δ)2 + 1

4δ
2 − 1

2δ
2

σ2

)
dx

= 1
2πσ2 ·exp

(−1
4δ

2

σ2

)
·
∫

exp

(−(x− 1
2δ)2

σ2

)
dx

=
p
πσ2

2πσ2 ·exp
(−δ2

4σ2

)
· 1√

2π(σ/
p

2)2

∫
exp

(−(x− 1
2δ)2

2(σ/
p

2)2

)
dx

(4.10)

For the definite integral we calculate∫ b

a
f (x) · g(x) dx = 1

2
p
πσ2

·exp
(−δ2

4σ2

)
·
[
F

(
b−δ/2
σ/
p

2

)
−F

(
a−δ/2
σ/
p

2

)]
(4.11)

where F(x) := 1
2 + 1

2 erf x is the cumulative distribution function of the normal distribution, and
“erf” is the error function, see above.
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For the integral from a =−∞ to b =+∞ we reach

score( f , g)=
∫ +∞

−∞
f (x)g(x) dx = 1p

2π ·2σ2
·exp

(
− δ2

2 ·2σ2

)
(4.12)

which is just the Normal distribution with mean 0 and variance 2σ2. Compared to Sec. 4.2,
we have replaced the probability that we see a mass deviation of at least δ under the normal
distribution, by the relative likelihood that exactly this mass deviation occurs, also under the
normal distribution. We have mentioned above that this is not a probability: The probability for
mass deviation exactly δ is zero, for any δ.

As function g corresponding to the measured spectrum is in fact recorded, say, as integer
values between 0 and 1023, we may assume that g has finite support: That is, we assume
[TODO: PASS OP!]

This is what it boils down to: The correlation scoring is very time consuming to compute.
We sacrifice our statistical model of mass deviation, but still end up with a score similar to the
probability density function of a Normal distribution, which has no statistical interpretation.
Novel methods for peak picking have surpassed the simple correlation of peak shapes for a long
time, see Sec. 15.2. Peak shape scores can be easily incorporated into our scoring from Sec. 4.2;
the high running times of the correlation approach can be explained by evaluating peak shapes
over and over again. For the application at hand, I do not see any advantages of the correlation
approach:3 Computing such correlation is useful when one has no model whatsoever about the
data at hand, such as comparing two measured spectra. But if one first has to simulate one of
the spectra, then computing correlations is an unnecessary and misleading detour.

4.8 Historical notes and further reading

The title of Sec. 4.4 was borrowed from the paper by Steen and Mann [218]. The nomenclature
of ion series is due to Roepstorff and Fohlman [197].

Zubarev and Mann [248] propose to use known peptides as internal calibrants, until the
distribution of mass errors is normally distributed. The paper also contains some details on
mass accuracy needed to identify peptides an proteins from their monoisotopic mass; we will
come back to this in Sec. 10.8.

Using peak intensities to score the peaks in a spectrum, as explained in Sec. 4.2, has
been proposed many times in the literature [1, 157], but this is usually done without giving
any (stochastic) justification. [TODO: CHECK HAVILIO et al. [108].] Goldberg et al. [93]
suggested to use exp(a0 + a1x+ a2x2) to model intensities of noise peaks; but it seems that a0
is very close to zero (see Fig. 4, right in their paper), so that we are back to an exponential
distribution. Also, their model has the not appealing property that noise peaks with negative
intensity have probabilities larger than zero. The fact that the distribution is truncated for low
intensities, can be attributed to thresholding in the peak picking algorithm.

Designing good scoring functions for scoring peptide fragmentation mass spectra was, is, and
will be an area of active research [7, 44, 48, 70, 79, 108, 135, 156, 160, 163, 164, 170, 186, 210,
221, 223]. [TODO: WAS SCHLAGE ICH VOR?]

Matthiesen et al. [164] describe how to score the presence or absence of immonium ions.
Different from their Table 1, I would rather suggest to use Machine Learning to estimate the

3With the possible exception that it allows computer manufacturers to sell more of their expensive compute clusters.
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required probabilities, as this could take into account dependencies between the fragments of
an immonium ion.

Back in 1992, Owens [179] suggested to use correlation of mass spectra as a score.

4.9 Exercises

4.1 Write an algorithm to simulate the tandem MS spectrum of a peptide if only b and y ions
are present, and ions have a single proton.

4.2 Given two peak lists M = {150,175,220,310,470} and M ′ = {150,190,250,315,485}. Cal-
culate the peak counting score for ε= 5 and for ε= 15.

4.3 Let score(i, j) = 2 − 1
5

∣∣∣mi −m′
j

∣∣∣ and score(i,ε) = score(ε, j) = −1. Calculate an optimal
alignment of these two peak lists.

4.4 Given a tandem mass spectrum

M = {440,682,748,753,837,870,884,1017,1196,1235,2637}

with masses in Dalton. [TODO: MAYBE, DIFFERENT LIST OF MASSES?] Use the
MASCOT web interface at http://www.matrixscience.com to find the protein that this
peptide might come from. As option, you may assume that trypsin has been used for
digestion, that there are no modifications, that average masses were recorded, and that
the mass accuracy is [TODO: SOMETHING]. [TODO: WHY AVERAGE MASSES??] Use
SwissProt as you protein database. Look at that Protein Summary in the output: What is
the meaning of columns Observed, Mr(expt), Delta, Start, End, emphMiss, and Peptide?

4.5 log-Scores Viele Programme (z.B. Mascot und SCOPE) berechnen Wahrscheinlichkeiten
als Scores. Von diesen Programmen wird aber meist nicht der Score s zurückgegeben,
sondern − log s. Welche Vorteile hat das?

4.6 Why is it reasonable, from a mathematical perspective, to assume that for 10 ppm mass
accuracy, the difference between two peak masses has at most 14 ppm? Hint: if a
random variable X is normally distributed, than −X is so, too. Under what condition is it
reasonable, from a MS perspective, to assume that this mass difference is still 10 ppm?

4.7 Write an algorithm to simulate the tandem MS spectrum of a peptide as thoroughly as
possible.

4.8 Proof Lemma 4.1.
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