
JOURNAL OF COMPUTATIONAL BIOLOGY
Volume 6, Numbers 3/4, 1999
Mary Ann Liebert, Inc.
Pp. 327�342

De Novo Peptide Sequencing via Tandem
Mass Spectrometry
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ABSTRACT

Peptide sequencing via tandem mass spectrometry (MS/MS) is one of the most powerful tools
in proteomics for identifying proteins. Because complete genome sequences are accumulat-
ing rapidly, the recent trend in interpretation of MS/MS spectra has been database search.
However, de novo MS/MS spectral interpretation remains an open problem typically involving
manual interpretation by expert mass spectrometrists. We have developed a new algorithm,
SHERENGA, for de novo interpretation that automatically learns fragment ion types and
intensity thresholds from a collection of test spectra generated from any type of mass spec-
trometer. The test data are used to construct optimal path scoring in the graph representations
of MS/MS spectra. A ranked list of high scoring paths corresponds to potential peptide se-
quences. SHERENGA is most useful for interpreting sequences of peptides resulting from
unknown proteins and for validating the results of database search algorithms in fully auto-
mated, high-throughput peptide sequencing.
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1. INTRODUCTION

IN A FEW SECONDS, a tandem mass spectrometer is capable of ionizing a mixture of peptides with different
sequences and measuring their respective parent mass/charge ratios, selectively fragmenting each peptide

into pieces and measuring the mass/charge ratios of the fragment ions (MS/MS spectra of peptides). The
peptide sequencing problem is then to derive the sequence of the peptides given their MS/MS spectra. For
an ideal fragmentation process and an ideal mass spectrometer the sequence of a peptide could be simply
determined by converting the mass differences of consecutive ions in a spectrum to the corresponding amino
acids. This ideal situation would occur if the fragmentation process could be controlled so that each peptide was
cleaved between every two consecutive amino acids and a single charge was retained on only the N-terminal
piece. In practice, the fragmentation processes in mass spectrometers are far from ideal. As a result, de novo
peptide sequencing remains an open problem and even a simple spectrum may require tens of minutes for a
trained expert to interpret.
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Previous attempts to develop automated de novo peptide sequencing algorithms have followed either global
or local search paradigms. The former approach (Sakurai et al., 1984) involves the generation of all amino
acid sequences and corresponding theoretical spectra, i.e., calculation of all theoretically possible fragment
masses for each sequence. The goal is to � nd a sequence with the best match between the experimental and
theoretical spectrum. Since the number of sequences grows exponentially with the length of peptide, different
pruning techniques were designed to limit the combinatorial explosion in global methods. Pre� x pruning
(Hamm et al., 1986; Ishikawa and Niva, 1986; Johnson and Biemann, 1989; Siegel and Bauman, 1988; Yates
et al., 1991; Zidarov et al., 1990) restricts the computational space to sequences whose pre� xes match the
experimental spectrum well. The dif� culty with the pre� x approach is that pruning frequently discards the
correct sequence if its pre� xes are poorly represented in the spectrum. Another problem is that the spectrum
information is used only after the potential peptide sequences are generated.

Local approaches tend to be more ef� cient for de novo peptide sequencing because they use the spectral
information before any candidate sequence is evaluated. In different modi� cations of the local approach the
peaks in a spectrum are transformed to a spectrum graph representation (Bartels, 1990; Fern·andez de Coss·ı o
et al., 1995; Hines et al., 1992; Taylor and Johnson, 1997). The peaks in the spectrum serve as vertices in
the spectrum graph while the edges of the graph correspond to linking vertices differing by the mass of an
amino acid. Each peak in an experimental spectrum is transformed into several vertices in a spectrum graph,
and each vertex represents a possible fragment ion type assignment for the peak. Since a spectral peak could
be derived from either the N- or C-terminus of the peptide, allowing both is accommodated by converting all
vertices to N-terminal equivalents. The de novo peptide sequencing problem is thus cast as � nding the longest
path in the resulting directed acyclic graph. Since ef� cient algorithms for � nding the longest paths are known
(Cormen et al., 1991), such approaches have the potential to ef� ciently prune the set of all peptides to the set
of high-scoring paths in the spectrum graph.

Though some groups developed de novo sequencing programs beginning in the late 1980s, none is in
widespread use today. The more widely used database search programs (Clauser et al., 1996; Eng et al., 1994;
Fenyo, 1997; Fenyo et al., 1998; Mann and Wilm, 1994) rely on the ability �to look the answer up in the
back of the book� when studying genomes of extensively sequenced organisms. Although database matching
is very useful, a biologist who attempts to clone a new gene based on MS/MS data (Lingner et al., 1997)
needs de novo rather than database matching algorithms. However, the development of de novo algorithms
falls behind the experimental practice due to the following unsolved computational problems:

† Parameter Learning. Existing algorithms tend to be instrument dependent, i.e., they are designed for
the kind of fragment ions that are most likely for the authors� particular type of mass spectrometer. No
rigorous approach to de� ning ion types and intensity thresholds in an instrument-independent fashion has
yet been described.

† Spectrum Graph. When the peptide fragmentation is incomplete the spectrum graph may break into
disconnected components. Random noise in the spectrum may generate many false vertices and edges in
the spectrum graph that promote false-positive interpretations in the absence of a good scoring schema.
Errors in the parent mass/charge assignment lead to misalignment between N-terminal and C-terminal
vertices in the spectrum graph. No computational approach to adjust inappropriate parent mass/charge
assignment has yet been described.

† Scoring Schema. No rigorous approach to scoring paths in the spectrum graph has yet been described
such that it is dif� cult to recognize the correct answer among the possible solutions.

† Sequencing Algorithm. The best scoring path in the spectrum graph may correspond to unrealistic
solutions because it uses multiple vertices associated with the same spectral peak. No approach to analyze
ions of unknown charge state has yet been described.

We have developed an algorithm and software SHERENGA that addresses the above problems.

2. PEPTIDE SEQUENCING PROBLEM AND SPECTRUM GRAPH

Let A be the set of amino acids with molecular masses m (a), a 2 A. A peptide P D p1 , . . . , pn is a
sequence of amino acids, and the (parent) mass of peptide P is m (P ) D

P
m( pi ). A partial peptide P 0 ‰ P

is a substring pi ¢ ¢ ¢ p j of P of mass
P

i•t• j m (pt ).
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Peptide fragmentation in a tandem mass spectrometer can be characterized by a set of numbers D D
fd1 , . . . , dk g representing ion types. A d-ion of a partial peptide P 0 ‰ P is such a modi� cation of P 0 that has
mass m(P 0) ¡ d. For tandem mass spectrometry, the theoretical spectrum of peptide P can be calculated by
subtracting all possible ion types d1, . . . , dk from the masses of all partial peptides of P (i.e., every partial
peptide generates k masses in the theoretical spectrum). An (experimental) spectrum S D fs1 , . . . , sm g is a
set of masses of (fragment) ions. A match between spectrum S and peptide P is the number of masses that
experimental and theoretical spectra have in common.

Tandem mass spectrometry peptide sequencing problem . Given spectrum S, the set of ion types D , and the
mass m � nd a peptide of mass m with the maximal match to spectrum S .

Denote the partial N-terminal peptide p1 , . . . , pi as Pi , i D 1, . . . , n ¡ 1 and the partial C-terminal peptide
p j , . . . , pn as P ¡

j , j D 2, . . . , n . In practice MS/MS spectrum S consists mainly of some of d ions of partial
N-terminal and C-terminal peptides. For example, the most frequent N-terminal ions (in Biemann, 1990
notation) are b, a, b�H2O, b�NH3 (D D f1, ¡27, ¡17, 16g) for an ion-trap mass spectrometer (Fig. 1).

Assume, for the sake of simplicity, that a spectrum from a tandem mass spectrometer consists mainly of
N -terminal ions. We capture the relationship between peptide P and ion types D D fd1 , . . . , dk g by transform-
ing spectrum S to a spectrum graph GD (S) (Bartels, 1990). Vertices of the graph are integers representing po-
tential masses of partial peptides. Every peak of spectrum s 2 S generates k vertices V (s) D fs Cd1 , . . . , s Cdk g.
The set of vertices of spectrum graph then is fsinitial g [ V (s1) [ ¢ ¢ ¢ [ V (sm ) [ fs� nalg, where sinitial D 0 and
s� nal D m (P ). Two vertices u and v are connected by a directed edge from u to v if v ¡ u is the mass of some
amino acid and the edge is labeled by this amino acid. If we look on vertices as potential N -terminal peptides,
the edge from u to v implies that the sequence at v may be obtained by extending the sequence at u by one
amino acid (Fig. 2).

A spectrum S of a peptide P is called complete if S contains at least one ion type corresponding to Pi for
every 1 • i • n . The use of a spectrum graph is based on the observation that for a complete spectrum there
exists a path of length n from sinitial to s� nal in G D (S) that is labeled by P . This observation casts the tandem
mass spectrometry peptide sequencing problem as one of the � nding the correct path in the set of all paths
(Fig. 3).

Unfortunately, experimental spectra frequently contain noise and are not complete. Another problem is that
MS/MS experiments performed with the same peptide but a different type of mass spectrometer will produce
signi� cantly different spectra. Different ionization methods (electroscopy, MALDI, fast-atom bombardment)
combined with different mass analyzers (ion trap, quadrupole, time of � ight, magnetic sector) have dramatic
impact on the propensities for producing particular fragment ion types. Therefore every algorithm for de novo
peptide sequencing should be adjusted for a particular type of a mass spectrometer. To address this problem
we � rst describe an algorithm for an automatic learning of ion types and intensity thresholds from a sample of
experimental spectra of known sequence and a new approach to � nding the correct path in a spectrum graph
that addresses incomplete and noisy spectra. We introduce the offset frequency function that represents an
important new tool for de� ning the ion-type tendencies for particular mass spectrometers. The offset frequency
function allows different types of mass spectrometers to be evaluated based on their propensity to generate
different ion types, thus making our algorithm instrument independent.

FIG. 1. Typical fragmentation patterns in tandem mass spectrometry.




