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Algorithms for de novo peptide
sequencing using tandem mass

spectrometry
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There is growing interest in the qualitative and quantitative analysis of

proteins on a proteome-wide scale. Mass spectrometry plays an important

role in the high-throughput study of proteomics. There have been

two major advances in mass spectrometry technology:instrumental

(including physiochemical) development, such as the development of

chromatography, protein ionization and protein labeling technologies;and

the development of computational algorithms for the analysis of mass

spectra produced by mass spectrometers. In this review, we provide an

overview of the development of computational algorithms for de novo

peptide sequencing using tandem mass spectrometry.
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V Mass spectrometry is an indispensable tool
in the era of modern proteomics research. Mass
spectrometry has been applied successfully to
the proteome-wide study of proteins (e.g. [1-6]).
For example, Gavin ef al. [3] used tandem
affinity purification (TAP) and mass
spectrometry to characterize multiprotein
complexes in Saccharomyces cerevisiae. They
processed 1739 genes and purified 589 protein
assemblies. Their analysis of these assemblies
revealed 232 distinct multiprotein complexes.
They proposed cellular roles for 344 proteins,
among which 231 had no previous functional
annotation. In addition, Ho et al. [4] employed
a method called high-throughput mass
spectrometric protein complex identification
(HMS-PCI) to systematically identify protein
complexes in S. cerevisiae. Starting with 10% of
the predicted proteins, they detected 3617
associated proteins, covering 25% of the yeast
proteome. A third example is the analysis by
Petricoin et al. [5] of the proteomic pattern in
serum by mass spectrometry for ovarian cancer
diagnosis. A training set of mass spectra
generated from 50 unaffected women and 50
ovarian cancer patients was analyzed by an
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artificial intelligence algorithm to discover
a proteomic pattern that could completely
discriminate cancer samples from normal
samples. The identified pattern was then used
to classify masked serum samples. The authors
successfully identified all 50 ovarian cancer
samples, whereas for the 66 cases of nonovarian
cancer 63 were classified as noncancer. They
computed the positive predictive value of
this validation to be 94%. This outperformed a
different ovarian cancer diagnostic measure
called CA125. The CA125 blood test is used to
measure the level of CA125, a cancer-related
antibody and the most common tumor marker
in ovarian cancer, and has a positive predictive
value of 34%.

Protein sequencing and identification by
tandem mass spectrometry

When sequencing and identifying proteins by
tandem mass spectrometry, the protein or
proteins are first digested by enzymes such as
trypsin. The resulting peptides are then sepa-
rated by liquid chromatography (LC) and sub-
sequently analyzed by a mass spectrometer.
The peptides are ionized and the mass-to-
charge (m/z) ratios measured. For tandem
mass spectrometry, ions within a given range
of specific m/z ratios are selected and frag-
mented, and the m/z is measured. The result-
ing tandem mass spectra, comprising m/z
ratios and corresponding intensities, are then
used for the identification of the original pro-
tein or peptide. There are two principal ways
of doing this kind of identification. One is to
correlate the spectra with protein sequences
or nucleic acid sequences by database search-
ing [7-12]. The other is to derive the peptide
sequence directly, without the help of any
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Figure I. A peptide of n amino acids and possible fragmentation
patterns.When the peptide is fragmented between the i-th and i+1-th
amino acids, three possible fragmentations can happen, yielding three
pairs of ions: (a, x,,_;), (b, y,;) and (¢, z,_)). The a-ions, b-ions and c-ions
are N-terminal ions, whereas x-ions, y-ions and z-ions are C-terminal
ions. The most common ion types are b-ions and y-ions.

sequence database. The latter method is called de novo
peptide sequencing.

The de novo peptide sequencing problem and the
scoring function

When presented with a tandem mass spectrum, the goal is
to seek the true peptide whose fragmentation gave rise to
the spectrum in question. Often this is reduced to finding
a peptide that can best explain the spectrum according to a
scoring function. This requires a discussion of the meaning
of a scoring function. For a given real experimental spec-
trum, we can find candidate peptides. Once the candidate
peptides are obtained, a hypothetical spectrum can be gen-
erated in silico for each of these, based on the assumption
of some fragmentation patterns. Different fragmentation
patterns will generate different ion types, as shown in
Figure 1. The most common ion types are b-ions and
y-ions. The scoring function then measures the similarity
of the experimental spectrum to the hypothetical spectrum
of each candidate peptide. The candidate peptide associ-
ated with the hypothetical spectrum that shows the most
similarity to the experimental spectrum is then reported as
the best candidate peptide. Sometimes the similarity score
is associated with a p-value, which gives the probability
that the score is achieved by random chance (e.g. see [10]).
The design of a good scoring function is never an easy task
and is an active research area [7-14].

A brief description of one of the scoring methods, a four-
step process called the SEQUEST algorithm [7], is given to
illustrate the abstract description of the scoring function.
The algorithm begins (step 1) with tandem mass spectrom-
etry data reduction. In this step, fractional m/z ratios are
rounded to the nearest integers and then a 10 unit (u) win-
dow around the precursor ion (or parent ion) is removed
to avoid matching to the unfragmented precursor ion. The
200 most abundant ions are selected for scoring purposes.
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In step 2, the candidate peptide sequences are then identi-
fied by matching the precursor peptide masses to the
masses of all possible peptides in a protein database.
Peptides with +3 u or +1 u are selected as candidate pep-
tides. One hypothetical spectrum is then generated for
each candidate peptide and these hypothetical spectra are
compared with the experimental spectrum to produce a
preliminary ranked list of 500 best-fit sequences (step 3).
This preliminary ranked list considers the number of
matching ions within the mass tolerance of +1 u, the abun-
dances of the matching ions, the continuity of an ion se-
ries, and the presence of immonium ions for the amino
acids histidine, tyrosine, tryptophan, methionine and
phenylalanine. Finally, in step 4, these 500 sequences are
then subject to a cross-correlation analysis to generate the
final ranked list.

Rationales for de novo sequencing

Usually, searching a sequence database is the first choice
for peptide identification. However, de novo peptide se-
quencing comes into play in various situations. First, the
protein of interest might not be present in the sequence
database. This could be because the sequence database is
incomplete, which is the situation for many model ani-
mals and plants. It could also be due to the fact that the
protein of interest is a novel protein. Second, there are
prediction errors in gene-finding programs. Thus, it might
not be possible to find the true protein from the predicted
protein database. Third, some scientists might want to
study the proteome before the genome, in which case no
sequence database would be available. Fourth, genes
might undergo alternative splicing, which would result in
novel proteins. The occurrence of single nucleotide poly-
morphisms (SNPs) in coding regions may also lead to dif-
ferent protein variants. Fifth, de novo sequencing can be
helpful for studying amino acid mutations and protein
modifications. Finally, when a database search generates
ambiguous results, de novo sequencing can be used as a
validation tool.

Early development of de novo sequencing algorithms

Over the years, various algorithms have been developed to
address the de novo sequencing problem. One naive
method [15,16] is to list all possible candidate peptides ac-
cording to the mass of the parent ion of the tandem mass
spectrum. This is sometimes called ‘exhaustive listing’. All
of the candidate peptides are then compared with the
experimental spectrum to find out which one is the best
match. One computational difficulty inherent to this ap-
proach is that there will most probably be a large number
of possible candidates for typical parent masses that may
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range from less than one thousand Daltons to several thou-
sand Daltons [15,16]. For example, as described in [15], for
a parent peptide of molecular weight 774, there will be
21 909 046 possible candidate peptides.

An alternative approach, sometimes called ‘subsequenc-
ing’, has also been tried on mass spectra data generated by
various mass spectrometers [17-20]. In this approach, short
sequences that represent only a portion of the whole
sequence are tested against the experimental spectrum.
Those subsequences that account for the observed ions are
then extended one residue at a time until the whole se-
quence is tested. During subsequence extension, only those
subsequences that significantly match the experimental
spectrum are retained. One disadvantage of this approach is
that some good candidate peptides might be discarded when
some regions of a peptide are less represented by fragmenta-
tion ions. It is important to be aware that the fragmentation
frequencies of a peptide are usually not evenly distributed
over the whole peptide.

A third method employs graphical display of the data
[21]. In this method, fragmentation ions that differ by the
mass of one amino acid are represented by connected lines,
thus allowing the visualization of ion series of the same
type. Such an approach is not suitable for high-throughput
environments, but this method can be quite helpful for
manual de novo interpretation of tandem mass spectra.

A fourth approach uses graph theory [13,22-25]. This
approach has proven to be quite successful and will be
discussed in the next section.

Application of graph theory in mass spectrometry

The application of graph theory to de novo peptide se-
quencing was first proposed by Bartels [22]. The basic idea
is to transform an experimental spectrum into a graph
called a ‘spectrum graph’. In the transformation, each peak
in the experimental spectrum is represented as a vertex (or
several vertices) in the spectrum graph and a directed edge
is established between two vertices if the mass difference
of the two vertices equals the mass of one or several amino
acids. Various algorithms have been designed to find paths
in the spectrum graph for which the corresponding pep-
tides provide a good explanation of the experimental spec-
trum. Some algorithms of this type are introduced below.

The SegMS algorithm

The SeqMS algorithm was originally called MSEQ [24]. First,
a list of possible ion types with corresponding probabilities
was assumed. The list was then used to transform the experi-
mental spectrum into a spectrum graph. Each peak will cor-
respond to a set of vertices in the spectrum graph, according
to the list of ion types. A graph is then obtained by linking

REVIEWS
RESEARCH FOCUS

all pairs of vertices that differ by the mass of an amino acid
or the combination of several amino acids. Dijktra’s single-
source, shortest-path algorithm was then employed to find
the complete path from the N terminus to the C terminus.
The SeqMS program is available at http://www.protein.
osaka-u.ac.jp/rcsfp/profiling/Seqms/SeqMS.html

The Lutefisk algorithm

The Lutefisk algorithm was designed by Taylor and
Johnson [25]. In this algorithm, the authors first reduced
the experimental spectrum data to a list of significant frag-
ment ions. They then determined the N- and C-terminal
evidence lists, which reveal the possible N- and C-terminal
ions, respectively. After the N- and C-terminal evidence
lists were obtained, a ‘sequence spectrum’ was formed, in
which the x ordinate consisted of the m/z values for the
b-ions and the y ordinate consisted of the probability of
cleavage at each site. The program then proceeded by
tracing out sequences, starting from the N terminus, by
finding b-ion values that differed from the N-terminal ion
by the mass of one or several amino acids. After all the
sequences had been obtained, a scoring procedure was
used to rank the sequences. The Lutefisk program was once
publicly available. The program was removed from the
public domain after Imnmunex was acquired by Amgen.

The Sherenga algorithm

The Sherenga algorithm was developed by Dancik et al.
[13]. Because the creation of a spectrum graph is based on
the ion types, the authors designed a method to automati-
cally learn ion types from a training set of experimental
spectra of known sequences, without knowing a priori the
fragmentation patterns. After the ion types were learned,
they transformed the experimental spectrum into a spec-
trum graph using the following steps. First, the ion types
were represented by A = {3, ..., §;}, where k is the number
of ion types and each §; represents the offset of the corre-
sponding ion type. The experimental spectrum $ was then
transformed into a spectrum graph G, (S) as follows. Each
peak s of the experimental spectrum S generated k vertices
V(s) ={s+9,, ..., s+ 9.} Two vertices, u and v, were then
connected by a directed edge from u to v if v — u equaled the
mass of an amino acid. The peptide sequencing problem
was then represented as the longest path problem in a di-
rected acyclic graph. The authors also pointed out that the
longest path might correspond to unrealistic solutions be-
cause it may use multiple vertices associated with the same
experimental spectral peak. One solution is to find the
longest antisymmetric path. They claimed that an efficient
algorithm exists to find the longest antisymmetric path in
the spectrum graph, but did not describe the algorithm.
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optimal solution to the original
problem. Chen et al. [28], employing
dynamic programming, provided a
polynomial time algorithm for the
de novo sequencing problem using a
spectrum graph. First, the NC-spec-
trum graph G (NC denotes N-termi-
nal and C-terminal) is constructed
from the experimental spectrum, by
assuming that each peak in the ex-
perimental spectrum can be a b-ion
or a y-ion. Thus, each peak in the
experimental spectrum will generate
two vertices in the NC-spectrum
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graph G. All of the vertices are then
placed on the real line at positions
corresponding to the mass values of
the vertices. If the mass difference
between two vertices u and v equals
the total mass of one or several
amino acid residues, a directed edge

Q/K

is drawn between u and v, pointing
from the low-mass vertex to the
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Figure 2. An example of an NC-spectrum graph. (a) An artificial tandem mass spectrum of the
peptide NDEMK (617.25 Daltons). (b) A sparse NC-spectrum graph constructed from the
spectrum shown in (a). One of the paths running from N, to C, is in bold and labeled with possible
corresponding amino acids. The symbol ‘+’ means ‘and’;*/” means ‘or’. For example, ‘E+M’ means

‘E and M (order undetermined)’, whereas ‘Q/K’ means ‘Q or K'.

high-mass vertex. To give the reader
a feel for how an NC-spectrum graph
can be generated from a mass
spectrum, an example is given in
Figure 2. Next, the nodes of G are
renamed in order from left to right as

(X0» X1, ooy X0 Vio --o» Y1, Vo), Where

Dynamic programming and suboptimal concept

As pointed out by Dancik et al. [13], the problem of finding
the longest path in a directed acyclic spectrum graph while
avoiding multiple assignments to the same peak is NP-
complete in the general case [26]. NP-complete problems
are a class of hard problems such that, if any NP-complete
problem can be solved in polynomial time, then every NP-
complete problem has a polynomial time algorithm [27].
However, Dancik et al. [13] and Chen et al. [28] observed
that there is a special structure for forbidden pairs of ver-
tices (twins) in the spectrum graph. That is, the forbidden
pairs are noninterleaving. Two forbidden pairs of vertices
x,;, ¥ and x,, y, are noninterleaving if the intervals x;, y;
and x,, y, do not interleave. Chen et al. [28] then proposed
a dynamic programming approach to find the longest anti-
symmetric path in the spectrum graph.

Dynamic programming is a common technique for solving
optimization problems [26]. In dynamic programming, an
optimization problem is solved in a bottom-up fashion by
combining the solutions to subproblems, which gives an
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every pair, x; and y;, 1 <i <Kk, corre-
sponds to two mutually exclusive assumptions of the same
mass peak. The dynamic programming algorithm then
finds the path with the maximum path score from x, to y,
that contains the edge (x;, y), i #J.

The dynamic programming algorithm will find the opti-
mal solution. However, the optimal solution may not be
the sequence that produces the experimental spectrum.
Even database search programs sometimes report several
sequences with similar scores because the scoring function
can misinterpret the spectral data. Noise and unknown
ions may also be interpreted as real ions by the programs.
For these reasons, the suboptimal solutions are of great in-
terest because they might give us the actual sequence that
generated the spectrum. Lu and Chen [29] further explored
this application of suboptimal solutions in the dynamic
programming algorithm. In this suboptimal algorithm, an
experimental spectrum with k peaks is transformed into
a matrix spectrum graph G = (V, E), where |V| = O(k?) and
|E] = O(k3). A polynomial time suboptimal algorithm was
then proposed to find all of the suboptimal solutions
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(peptides) in O(p|E|) time, where p is the number of solu-
tions. The suboptimal algorithm has been implemented
and is available at http://hto-c.usc.edu:8000/msms/

Following the work of Dancik et al. [13] and Chen et al.
[28], two more research groups also proposed dynamic al-
gorithms to solve the de novo peptide sequencing problem
[30,31]. Bafna and Edwards [30] also considered the subop-
timal solutions in their dynamic programming machinery.
The work by Ma et al. [31] is basically a dynamic program-
ming approach and thus a description is omitted here.
However, a link to their implementation is provided at
http://www.bioinformaticssolutions.com/software/peaks/

Besides the algorithms mentioned above, there are also
some commercial software packages for de novo sequenc-
ing. For example, Thermo Finnigan has recently released
the DeNovoX™ software package for automated de novo
peptide sequencing. Micromass provides a de novo sequenc-
ing tool called MassSeq™. MassSeq™ uses a Bayesian
approach to score randomly generated peptides to find
the best possible match with the tandem mass spectro-
metry data.

Concluding remarks

Mass spectrometry has become an important tool for pro-
teomics. Normally, searching against a sequence database
is the first choice for protein identification. However,
de novo sequencing can also be used in various situations.
Over the years, numerous computer algorithms have been
developed for de novo peptide sequencing and there are
also manual methods for the interpretation of mass spec-
tra. For example, one manual strategy for the interpreta-
tion of mass spectra generated from tryptic peptides was
presented by Kinter and Sherman [32]. There are also novel
methods that employ multistage tandem mass spectrometry
(MSn) for de novo peptide sequencing, whereby some ions
of MS? are identified by MS3 and even MS# [33,34].

At the same time, the de novo peptide sequencing problem
using tandem mass spectrometry is still not solved in gen-
eral. In other words, the information revealed by tandem
mass spectrometry cannot be readily converted into a fully
unambiguous peptide sequence.

Usually, a de novo sequencing program has been de-
signed for given machine-dependent tandem mass spectra
and thus is not universally applicable to spectra generated
by other types of mass spectrometers. To our knowledge,
none of the current de novo sequencing programs takes
into account internal fragmentation of the parent ion.

Nevertheless, the development of computational algo-
rithms, including de novo peptide sequencing methods,
database search algorithms and other computational
tools, together with mass spectrometric instrumental
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developments, would substantially enhance our capabili-
ties in biological studies.
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