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Abstract. We introduce a new algorithm for the mass spectrometric identification of proteins. Experimental spectra obtained by tandem
MS/MS are directly compared to theoretical spectra generated from proteins of evolutionarily closely related organisms. This work is motivated
by the need of a method that allows the identification of proteins of
unsequenced species against a database containing proteins of related
organisms. The idea is that matching spectra of unknown peptides to
very similar MS/MS spectra generated from this database of annotated
proteins can lead to annotate unknown proteins. This process is similar
to ortholog annotation in protein sequence databases. The difficulty with
such an approach is that two similar peptides, even with just one modification (i.e. insertion, deletion or substitution of one or several amino
acid(s)) between them, usually generate very dissimilar spectra. In this
paper, we present a new dynamic programming based algorithm: PacketSpectralAlignment. Our algorithm is tolerant to modifications and fully
exploits two important properties that are usually not considered: the
notion of inner symmetry, a relation linking pairs of spectrum peaks,
and the notion of packet inside each spectrum to keep related peaks
together. Our algorithm, PacketSpectralAlignment is then compared to
SpectralAlignment [1] on a dataset of simulated spectra. Our tests show
that PacketSpectralAlignment behaves better, in terms of results and
execution time.

1

Introduction

In proteomics, tandem mass spectrometry (MS/MS) is a general method used
to identify proteins. At first, during the MS/MS process, the peptides issued
from the digestion of an unknown protein by an enzyme are ionized so that their
mass may be measured. Then, the mass spectrometer isolates each peptide and
fragments it into smaller ions, before measuring the corresponding masses. This
process provides for each peptide an experimental spectrum in the form of
a series of peaks, each peak corresponding to a mass that has been measured.
From these experimental spectra, we aim at retrieving the corresponding peptide
sequences. Then, by combining the peptide sequences from different spectra, our
goal is to relate the unknown protein to one of the proteins stored in a protein

database such as SwissProt. Given an experimental spectrum, there are two main
possibilities to obtain the corresponding peptide sequence: de novo sequencing
or spectra comparison.
De novo: In de novo sequencing, the spectrum is directly interpreted and a corresponding amino acid sequence of the peptide is inferred without using any other
data than the spectrum itself. Currently, the analysis of unsequenced species is
mainly done by de novo interpretation [2, 3]. The main reason is the speed of
each interpretation and the fact that the peptide sequence does not need to be
part of a protein database. An important drawback is that this method requires
high quality spectra and still leads to a lot of interpretation errors [4, 5].
Spectra Comparison: In spectra comparison, an experimental spectrum is
compared with theoretically predicted spectra. The theoretical spectra are inferred from the different peptides generated by an in-silico digestion of all the
proteins contained in a database. A score function is used to evaluate each possible comparison, and the results are ordered according to this score. The theoretical spectrum with the best score is associated to the corresponding experimental
spectrum. There are a number of existing softwares that match uninterpreted
MS/MS experimental spectra to theoretical spectra, such as SEQUEST [6] or
MASCOT [7]. They are based on the Shared Peaks Count (SPC) algorithm, an
algorithm that simply counts the number of peaks in common between the two
spectra, but presents zero tolerance to modifications (i.e. insertion, deletion
or substitution of one or several amino acid(s)). This is due to the fact that
the slightest modification in a peptide sequence highly changes the contents of
the corresponding spectrum, and thus can lead to false identifications. Two approaches have already been explored to take modified peptides into account.
The first one consists in extending the database by applying all the possible
modifications to each peptide of the base. However, this solution, leading to an
exponential number of possibilities, is of course too time consuming [8]. The
other one, SpectralAlignment [1, 9, 10], is a dynamic programming algorithm
that has been designed to identify peptides even in presence of modifications.
This method works rather well for one or two modifications, but for a larger
number of modifications, SpectralAlignment is not really sustainable [9].
Spectra comparison has an essential advantage, namely the precision in the comparison, allowing information to be drawn even from spectra which used to be
unexploitable with a de novo approach. But spectra comparison has a major
downfall: the running time, that is highly dependent on the protein database
size used to infer theoretical spectra.
Given that the proteins we are trying to identify come from unsequenced species,
the idea is to find similar proteins on phylogenetically related organisms. This
is why our method will have to allow the correspondence of a spectrum with
a slightly different peptide. Yet, we need results with few errors and for most
spectra. Although de novo is specially designed to treat unsequenced species,
it still leads to lots of misinterpreted or uninterpreted spectra. That is why
the development of a new spectra comparison method tolerant to modifications
appears interesting for us.

2

Definitions and Notations

An MS/MS spectrum is obtained by selection, isolation and fragmentation of
peptides within the mass spectrometer. Each peak results from the dissociation of
a given peptide into two fragmented ions: an N-terminal one, and a C-terminal
one. The N-terminal ions (that are called a, b, c, see for instance Figure 1)
represent the left part of the peptide sequence, and the C-terminal ions (that
are called x, y, z) represent the right part of the peptide sequence. The position
where the fragmentation appears is located around the junction of two amino
acids, as described in Figure 1. The b and y ions mark the exact junction point.
In the rest of this paper, we will say that two different ions are dependent if
they are issued from the fragmentation between the same two successive amino
acids inside a peptide. For instance, in Figure 1, for a given i ∈ [1; 3], ai , bi , ci ,
xi , yi and zi are mutually dependent ions. In a spectrum, a peak corresponding
to a C-terminal (resp. N-terminal) ion is called C-terminal (resp. N-terminal).
Moreover, peaks corresponding to dependent ions are called dependent peaks.

Fig. 1. This figure shows the fragmentation points inside a peptide containing four
amino acids (AAi with i ∈ [1; 4]). Ri (i ∈ [1; 4]) are chemical compounds that determine
the corresponding amino acid. In this example, there are three sets of dependent ions.

We can notice that a symmetry exists between N-terminal and C-terminal
peaks for a given fragmentation. In Figure 2 (a), the N-terminal peak located
at position m(GL) and the C-terminal peak located at position m(M P RG) are
linked by the relation m(M P RG) = m(GLM P RG) − m(GL) − 20 (−20 is due
to the fact that the peptide is not symmetric at its extremities, see Figure 1, and
to the ionization). This is a critical notion that is valid for any fragmentation
and is seldom used. We call this relation inner symmetry.
Any spectrum produced by a mass spectrometer is called an experimental
spectrum (Se ), and any spectrum predicted in-silico from a peptide is called a
theoretical spectrum (St ). In the following figures, spectra will always display
all of the nine most frequent peaks coming from the fragmentation [11, 12].
Considering that the masses where the peaks appear can be seen as integers,
we can represent a spectrum by a vector of booleans. This vector contains, for

(a)

(b)
Fig. 2. (a) This piece of a spectrum shows the peaks created when the peptide GLMPRG (of mass m(GLM P RG)) is broken into peptides GL and MPRG. (b) is the
spectrum of the peptide GLMPRG (for a better visualization, the N-terminal peaks
are above the axis, the C-terminal ones are below the axis).

every mass, a boolean attesting the presence of a peak (‘true’) or its absence
(‘false’). Vector Vt represents the spectrum St and Ve represents Se . Then, as in
the case of sequences, we can align the elements of Vt and Ve two by two while
allowing the insertion of gaps. It is only necessary to ensure that both vectors
have the same length and that a gap is not aligned with another gap. In this
representation, a shift corresponds to the insertion of a gap in either Vt or Ve ,
which itself corresponds to a peptide modification.
A score is used to evaluate an alignment, which represents the similarity between both spectra, in the sense that a higher score means a higher similarity.
For instance, the number of common peaks in a given alignment is a possible
score. When transposed to Vt and Ve , this corresponds to the number of pairs
of booleans in which both values are ‘true’ at the same position. In this context,
the alignment having the highest score will be considered as the best alignment.
Our goal is, given an experimental spectrum, to compare it to all the theoretical spectra from the database. For each comparison, we want to find the best
alignment.

3

Our Method

Because we want to align a spectrum Se originated from unsequenced species
with a spectrum St generated from phylogenetically related organisms, our method
must be able to take modifications into account. Here, modification means insertion, deletion or substitution of one or several amino acids, but we will see that
our algorithm, by nature, is able to handle other types of modifications such as
post translational modifications.
Dynamic programming is an appropriate algorithmic method to find the best
alignment between two spectra, even in presence of modifications. It has been
used in this context by methods such as SpectralAlignement (SA) [1].

For our method to be tolerant to substitutions, we must be careful about
the way we shift peaks when we want to improve our alignment, because a
substitution, by changing the mass of an amino acid, not only changes one peak,
but also some other peaks inside the whole spectrum. To take into account a
substitution, a naı̈ve algorithm could simply shift all peaks positioned after the
location of the substituted amino acid. However, this could drastically change
the positions of the peaks in the whole spectrum, as shown in Figure 3. It can
be seen that such a modification destroys the link between N-terminal and Cterminal peaks, causing the inner symmetry to be broken. Moreover, the loss
of information due to this rupture in the symmetry grows with the number of
modifications.
In a previous work [1], Pevzner et al. considered this notion of symmetry by
proposing, for each peak of each spectrum, to add its symmetric twin peak.
However, they noticed two major drawbacks to this:
– The addition of noise (the symmetric twin of a noise peak is another noise
peak).
– During the alignment, if a peak P (resp. a symmetric twin peak T P ) is
aligned, then T P (resp. P ) must not be used in the alignment. Deciding, for
each peak of the spectrum, which one of these peaks (P or T P ) must be
aligned, is an NP-complete problem [11].
But it is important to note that the two spectra Se and St do not present the
same properties. By construction, in St , we can identify each peak as an Nterminal or a C-terminal peak. This extra information is fully exploited in our
algorithm and eliminates both previously raised drawbacks.

Fig. 3. In this figure, two spectra are represented. C-terminal peaks are dashed gray, Nterminal peaks are black. Spectrum Se represents the peptide GLMPRG, spectrum St
represents the peptide GLMPGG. This figure shows how one substitution in a peptide
can highly change the contents of a spectrum (as it is, there are only 27 peaks aligned
between Se and St out of 54), and how shifting peaks from position t to position t′ is
not sufficient to correctly align Se with St (the black arrow shows the shift, resulting
in an alignment of 45 peaks between Se and St out of 54). Although the shift improves
the alignment, some of the peaks remain unaligned after the shift has been applied.

3.1

Symmetry

Theoretical Spectrum: We build the spectrum in-silico, so the location of all
the different peaks is known. Considering this, we can easily remove all the Cterminal peaks and replace them by their respective symmetric peaks. Let mi be
the mass of the i-th C-terminal peak; its mass will be replaced by Mpeptide − mi
where Mpeptide is the mass of the peptide represented in St . The theoretical spectrum, after the application of the symmetry, is called theoretical symmetric
spectrum (SSt ). Figure 4 (above) shows the spectrum St corresponding to the
peptide GLMPRG. Figure 4 (below) shows the spectrum SSt , that is the spectrum St to which the symmetry has been applied. Note that in SSt , the distance
between the N-terminal and C-terminal peaks from the same fragmentation is
a constant (i.e. in spectrum SSt from Figure 4, peaks t and t′ (resp. u and u′ )
are dependent and the distance between t and t′ is the same than between u
and u′ ), thus a shift of all the peaks positioned after a modification will still
respect the inner symmetry. We also point out that our construction of SSt is
different that the one proposed by Pevzner et al. in [1] on two points: (1) we do
not apply symmetry on the N-terminal peaks and (2) when applying symmetry
on C-terminal peaks, we remove the original peaks.

St

SSt
Fig. 4. St (above) represents the spectrum before any symmetry is applied. SSt (below)
represents the spectrum after the symmetry has been applied. In St the dashed peaks
are the N-terminal peaks. In SSt the dashed peaks are the N-terminal peaks to which
symmetry has been applied.

Experimental Spectrum: As we do not know the ion type represented by
each peak (in fact, a peak can represent the superposition of different ions of
the same mass), we create a new symmetric peak for each existing peak of the
spectrum. These peaks are created at position Mpeptide − mi , where Mpeptide
represents the mass of the peptide measured by the mass spectrometer and mi
the mass of the i-th peak of Se . The experimental spectrum, after the application
of the symmetry is called experimental symmetric spectrum (SSe ). Figure 5
(above) shows the spectrum Se corresponding to the peptide GLMPGG. Figure 5
(below) shows the spectrum SSe , that is the spectrum Se to which the symmetry
has been applied.

During the alignment, we need to forbid the alignment of some pairs of peaks.
For instance, N-terminal peaks from SSt should be aligned with the original
peaks from SSe . This is important to guarantee that the solution is feasible. To
do this, it is sufficient to keep track, for each peak, if it is a original peak or not.

Se

SSe
Fig. 5. Se (above) represents the spectrum before any symmetry is applied. Then SSe
(below) represents the spectrum after the symmetry has been applied. In SSe , the
dashed peaks are Se peaks to which symmetry has been applied.

3.2

Packet

The random fragmentation along the peptide backbone creates a number of
different types of peaks. The location where the fragmentation occurs implies
various peaks, a, b, c and x, y, or z (see Figure 1). Additionally, peaks corresponding to neutral loss (water, ammonia) are also frequently observed. For
the construction of SSt we choose to keep, for each type of fragmentation,
the nine most frequent peaks observed in experimental spectra when using a
Quadrupole Time-of-Flight mass spectrometer [11, 12] (see also Figure 6). After the application of symmetry, the notion of inner symmetry does not depend
anymore of the peptide mass, thus these nine peaks may be clustered in a single packet. A packet represents all the fragmentations occurring between two
consecutive amino acids of the peptide, thus SSt can now be represented by a
group of packets. An example of packet is shown in Figure 6. Point Rp marks the
reference point of a packet p, and will be referred to when we will talk about a
packet position. Introducing this notion of indivisible packet into the comparison
between experimental and theoretical spectra allow us to forbid any translation
that pulls apart dependent peaks: indeed, a shift can only exist between two
packets.
In addition, to align SSt with SSe , for each packet p of SSt , Rp is positionned
on a mass m of SSe . This gives an alignment of score s between p and SSe .
If s goes past a threshold, then the mass m is considered as one of the possible masses. In the rest of this paper, this score will be the number of aligned
peaks. Increasing the threshold T will speed up the alignment process because
the number of possible masses will decrease (see Table 1).

Another constraint which forbids the overlapping of two packets is added; it represents the fact that an amino acid has a minimum mass. That way, we do not
allow the algorithm to make small and unrealistic shifts just to slightly improve
its score (something which happens very often with SA).
Note that it is possible to modify the contents of a packet in order to adapt this
notion for other types of mass spectrometers.

Fig. 6. The nine peaks representing the nine most current peaks that occur in MS/MS
spectra (a, b, y and some of their variant peaks that are due to water or ammonia loss)
result after the symmetry has been applied, to this packet. This packet is particularly
suited for Quadrupole Time-of-Flight mass spectrometer.

3.3

PacketSpectralAlignment Algorithm

Our PacketSpectralAlignment (PSA) method needs three parameters: (i) SSe
as described in Section 3.1, (ii) SSt for which the peaks are clustered into packets as described in Section 3.2 and (iii) K, the maximum number of allowed
shifts. Our PSA algorithm (Algorithm 1) uses two matrices M and D. The value
M [p][m][k] represents the best score obtained so far for the alignment of the
peaks of the first packets of SSt , up to packet number p, with all the first peaks
from SSe , up to the alignment of Rp , with mass m, and with at most k shifts.
The value D[p][m][k] represents the best score of an alignment that must have
Rp aligned with mass m in SSe and containing at most k shifts. PSA will compute, for each possible number k of shifts, each possible mass m in SSe and for
each packet p of SSt , the values M [p][m][k] and D[p][m][k].
The variable best contains the score of the best alignment met on the D matrix
that could be extended with the current position (p, m, k) without more shifts
(see Figure 7 for an illustration of how one of these alignments is found).
The Score function will return the score resulting from the alignment of the
peaks of the p-th packet of SSt with the peaks of SSe , when Rp is positioned at
the mass m of SSe .
The D matrix is updated by choosing the best possibility between the two following cases:
a. we used the last value met on the diagonal, meaning no shift is needed, or
b. we must apply a shift and take the last score met on the diagonal in the
(k − 1)-th dimension of the matrix.
Then the M matrix is updated by taking the best alignment found until this

point.
As an illustration, applying our algorithm PSA on the theoretical spectrum SSt
of Figure 4 and the experimental spectrum SSe of Figure 5 gives a “perfect”
alignment of the peaks (i.e. that is, 54 peaks out of 54 that are aligned) with one
shift (corresponding to the substitution of the fifth amino acid R by G in SSt ).

Algorithm 1 PSA(ExperimentalSpectrum SSe , TheoreticalSpectrum SSt , Integer K)
Ensure: The best alignment between SSe and SSt with a max of K shifts
1: for k = 0 to K do
2:
for all Possible masses m from SSe do
3:
for all Packets p from SSt do
4:
best = max {D[p′ ][m − (Rp − Rp′ )][k] | p′ < p} /*(see Figure 7)*/
5:
s = Score(p,m)
6:
D[p][m][k] = max(best+s, M [p−1][m−P acketSize][k−1]+s) /*P acketSize
is the constant representing the size of a packet (i.e. the distance between
the first and the last peak of a packet)*/
7:
M [p][m][k] = max(D[p][m][k], M [p − 1][m][k], M [p][m − 1][k])
8:
end for
9:
end for
10: end for
11: return M [N bP acket][M AX][K] /*N bP acket is the number of packets composing
SSt and M AX is the highest mass represented by a peak inside SSe */

Fig. 7. This figure shows how to find a value val = D[p′ ][m − (Rp − Rp′ )][k], with
p′ < p.

4

Results

We compare our algorithm to SA on a set of simulated data. We generate a
dataset of 1000 random peptides of random size in [10, 25] in order to constitute
a database that will be used to create the theoretical symmetric spectra. Each

peptide in the database is then modified in 5 different versions by applying 0
to 4 random substitutions of amino acids. These modified peptides are used to
create 5 sets of artificial experimental symmetric spectra (one for each different
number of modifications). These spectra are constituted using the nine most frequents peaks that are created considering the probability of apparition observed
by Frank et al. [12]. Noise has been introduced in each spectra, adding 50% more
peaks at random masses. All tests have been made using 1 dalton precision. For
each SSe , we call the target peptide of SSe (denoted T P (SSe )) the original
peptide sequence from the dataset that has been modified to obtain the spectrum.
Each SSe is compared with each SSt . The score (here, the number of common
peaks in the best alignment) resulting from each comparison is memorized and
used to order the set of peptides for each SSe . In the ideal case, for an experimental spectrum SSe , T P (SSe ) should obtain the highest score and thus
should have rank one. Thus, by looking at the rank of the target, we can evaluate the capacity for PSA to take modifications into account. That is why we
use the average rank of the target peptide, as well as the proportion of target
peptides having rank one, as indicators to evaluate the two algorithms (as shown
in Figure 8).

Fig. 8. Comparison of SA and PSA on our sets of 1000 random peptides

During the comparisons, the parameters used by SA and our algorithm PSA
are the same. In particular, we use the same score function, which is the number of common peaks in both spectra. The number of shifts used by these two
methods is set dynamically, depending on the size of the two compared spectra. We could have fixed this to a constant value, but allowing for instance N2
shifts in an N amino acids long peptide does not make any sense, so we chose
M
⌉ + 1. In the case of
to allow k shifts for a peptide of mass M where k = ⌈ 600
PSA, the threshold T used to determine the possible masses kept in symmetric
experimental spectra is set to 2.
Our tests show that the two algorithms have a comparable behaviour for 0 to
2 shifts, with a slight advantage for our algorithm. However, for more than two

shifts, SpectralAlignment presents a fast deterioration of its results, while PacketSpectralAlignment still gives good results (see Figure 8). We also note that on
these tests, for a threshold T of 2, our algorithm PSA is twice as fast as SA.
We have also evaluated the benefits supplied by the packets, and more particularly by the number of possible masses. As explained in Section 3.2, we do
not test all masses in SSe , but only those masses m inducing an alignment of at
least T peaks when the reference point Rp of a packet p from SSt is positionned
at mass m. To evaluate this, we have computed the number of possible masses
for different values of T on four different datasets. The first one is a set of 1000
simulated spectra of size [10, 25] with 50% of noise peaks, generated the same
way as described at the beginning of Section 4. On this dataset, a spectrum contains on average 150 peaks. Then we use three sets of 140 experimental maize
spectra on which we apply different filters: (1) we keep all peaks (meaning an
average of 275 peaks per spectrum), (2) we keep the 100 most intense peaks,
and (3) we keep the 50 most intense peaks. Table 1 shows the evolution of the
number of possible masses in function of the threshold T for each set of spectra.
We can notice that the number of possible masses decreases considerably when
T is increased.
Number of Possible Masses
1
Simulated spectra
485
no filtering
689
Experimental Maize spectra 100 most intense peaks 540
50 most intense peaks 346

Threshold T
2
3
134
39
312 141
180
57
79
18

4
14
61
17
4

Table 1. Evaluation of the number of possible masses on four sets of spectra depending
on the threshold T .

5

Conclusion

We have developed PacketSpectralAlignment, a new dynamic programming
based algorithm that fully exploits, for the first time, two properties that are
inherent to MS/MS spectra. The first one consists in using the inner symmetry
of spectra and the second one is the grouping of all dependent peaks into packets.
Although our algorithm was at first motivated by the identification of proteins
in unsequenced organisms, it does not set any constraints on the allowed shifts
in the alignment. Thus, PSA is also able to handle the discovery of post translational modifications.
Our results are very positive, showing a serious increase in peptides identification in spite of modifications. The sensibility has been significantly increased,

while the execution time has been divided by more than two. More tests on
experimental data will allow us to evaluate more precisely the benefits provided
by our new algorithm. In the future, a better consideration of other points, such
as spectra quality, will be added. Moreover, the score will be improved by taking
into account other elements such as peaks intensity.
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