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ABSTRACT

Motivation: Tandem mass spectrometry combined with
sequence database searching is one of the most powerful
tools for protein identification. As thousands of spectra
are generated by a mass spectrometer in one hour, the
speed of database searching is critical, especially when
searching against a large sequence database, or when
the peptide is generated by some unknown or non-specific
enzyme, even or when the target peptides have post-
translational modifications (PTM). In practice, about 70—
90% of the spectra have no match in the database.
Many believe that a significant portion of them are due to
peptides of non-specific digestions by unknown enzymes
or amino acid modifications. In another case, scientists
may choose to use some non-specific enzymes such as
pepsin or thermolysin for proteolysis in proteomic study, in
that not all proteins are amenable to be digested by some
site-specific enzymes, and furthermore many digested
peptides may not fall within the rang of molecular weight
suitable for mass spectrometry analysis. Interpretating
mass spectra of these kinds will cost a lot of computational
time of database search engines.

Overview: The present study was designed to speed
up the database searching process for both cases.
More specifically speaking, we employed an approach
combining suffix tree data structure and spectrum graph.
The suffix tree is used to preprocess the protein se-
quence database, while the spectrum graph is used to
preprocess the tandem mass spectrum. We then search
the suffix tree against the spectrum graph for candidate
peptides. We design an efficient algorithm to compute
a matching threshold with some statistical significance
level, e.g. p = 0.01, for each spectrum, and use it to
select candidate peptides. Then we rank these peptides
using a SEQUEST-like scoring function. The algorithms
were implemented and tested on experimental data. For

*To whom correspondence should be addressed.

post-translational modifications, we allow arbitrary number
of any modification to a protein.

Availability: The executable program and other supple-
mentary materials are available online at: http://hto-c.usc.
edu:8000/msms/suffix/.

Contact: tingchen@hto.usc.edu

INTRODUCTION

Protein sequence analysisis usually the first step to study
a novel protein. With the growing of protein and nucleic
acid sequence databases, partial sequence information can
be useful for the identification of proteins by correlating
experimental peptide analysis information with sequence
databases. This new concept of protein identification was
enhanced by the realization that mass spectrometers can
be used to generate the wanted experimental data (Chait
and Kent, 1992). The general approach called ‘peptide
mass finger-printing’ employs site-specific proteolysis
followed by measuring the mass-to-charge (m/z) ratios
of the resulting peptides by mass spectrometry (MS).
The set of observed m/z ratios is then used to search
a protein database to find the corresponding peptide by
applying the same proteolytic method to the database
by in silico ‘digestion’. One limitation of this peptide
mapping approach isthat it requiresthe sampleto befairly
homogeneous, which can be overcome by tandem mass
spectrometry.

Tandem mass spectrometry (MS/MS) plays a very
important role in proteomics, e.g. for protein and peptide
characterization (Eng et al, 1994; Clauser et al, 1999;
Perkins et al.,, 1999), and for de novopeptide sequencing
(Taylor and Johnson, 1997; Dancik et al, 1999; Chen
et al, 2001; Lu and Chen, 2003). One advantage of
MS/MS over MSisthat it is more discriminative, capable
of analyzing complex mixture (Arnott et al, 1993). In
MS/MS, many peptides are ionized from the first MS,
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and then are furthered selected and fragmented, usually
by collision-induced dissociation (CID). Mass-to-charge
ratios of fragments after CID are measured. Usualy a
peptide bond is broken when the peptide is fragmented by
CID, thus the resulting spectrum contains the information
about the amino acid sequence of the peptide. The
fragmentation of the peptide in CID is controlled by the
physiochemical properties of the peptide and the energy
of collision. Many fragments can be produced from a
single peptide under CID. The charged fragment can be
inferred by the position of the broken peptide-bond and
the sideretaining the charge. If the positive charge remains
on the N-termina side of the fragmented amide bond,
this fragment ion is referred to as a b ion; the fragment
ion is referred to as a 'y ion if the charge remains on
the C-termina side of the broken amide bond. Other
types of ions such as b—H»0O, b—NH3, y—H>0 may also
exist (Kinter and Sherman, 2000). The m/z ratios of the
fragments after CID are quite informative. For example,
the m/z ratio difference of two adjacent singly-charged y-
ionsis exactly the mass of the residue that differs between
the two y-ions. However, in real MS/IMS spectra, there
is no information on the ion-type (b, v, ...), charge of
the ion (+1,+2,...), or position of the broken amide
bond. Furthermore, it is usual that a complete ladder of
an ion series is not present while some fake peaks exist.
Additionally, the correctness of m/z ratios will depend on
the accuracy of the instrument. As aresult, the successful
identification of peptide sequence using MS/IMS is till a
challenge.

There are severa algorithms developed by different
groups regarding to this application of MS/IMS. A popular
program called SEQUEST correlates peptide sequences
in a protein database with the empirical MS/IM S spectrum
(Eng et al, 1994). Peptide sequences in a database that
have the same mass as the parent ion mass of the spectrum
are converted into hypotheticd MS/MS spectra. The
hypothetical spectra are then matched against the real
spectrum using some scoring functions. The sequences
with the top scores are reported. One limitation of this
algorithm is that its scoring function lacks rigorous prob-
ability foundation. A similar program ProteinProspector
(Clauser et al, 1999) considered the impact of mass
measurement accuracy on protein identification experi-
ment, and tried de novointerpretation of MS/M S spectra.
Another group developed a probability-based scoring
program called Mascot (Perkins et al., 1999) to search se-
guence databases using mass spectrometry data. Another
probability-based scoring system is SCOPE developed
by Bafna and Edwards (2001). All these programs are
more or less successful at identifying proteins by database
searching.

All the programs mentioned above have to index peptide
sequences in the database by mass to speed up the search.

However, when the target peptides are generated from
unknown enzymes (or deliberately by some non-specific
enzymes such as pepsin or thermolysin) or have post-
trandational modifications, the indexing becomes very
expensive and impractical. For example, if trypsin that
cuts after K or R is specified as the enzyme, a protein
sequence of 200 amino acids will generate about 20-
40 peptide sequences, which can be easily indexed. If
the enzyme is unknown or non-specific, the number of
possible peptide sequences increases to 200 x 20 =
4000, roughly 100 times more. Indexing requires huge
space and is really impractical. Even with indexing,
the interpretation will be 100 times slower. Another
problem of database searching is that the proteins might
have gone under post-translational modifications. The
post-translational modification is extremely important for
the study of protein functions. Several algorithms have
been designed to facilitate the identification of modified
proteins (Yates et al., 1995; Pevzner et al,, 2001; Hansen
et al, 2001). Protein modifications change the mass of
a peptide. This again causes difficulty to indexing. The
resulting database searching is very slow. Most programs
can only handle at most 2 to 3 modifications. All the
database search programs are facing the same challenge: a
faster implementation of database searching for these two
important applications.

Edwards and Lippert (2002) employed a suffix tree
data structure for generating peptide candidates. Here
we further explore the potential of employing suffix
tree and present a method developed for fast database
searching for tandem mass spectrum data generated by
nonspecific enzyme digestion or of proteins that undergo
post-translational modifications. The basic idea is to use
suffix tree data structure (Gusfield, 1997) to capture the
repeat information in the protein database, thus we can
reduce the searching time. We gain another speedup
by using spectrum graph and a matching threshold to
eliminate peptide candidates so that the correct peptide
can be selected more easily by a scoring function.
For handling protein modifications, our algorithms alow
arbitrary number of any modification to a protein.

This paper is organized as follows. We will describe the
fundamental algorithms for the construction of suffix tree
and spectrum graph, and then we provide two algorithms
to find matches between these two data structures. Later,
we will briefly describe how to find the matching thresh-
old with statistical significance, and how to use it to speed
up the database search. We will aso mention the appli-
cation for post-translational modifications. Finally, weim-
plemented the algorithms and tested them on experimental
data.
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METHODS
Datasets

Mass spectra dataset: A collection of ten tandem mass
spectra generated from trypsin digested bovine serum
abumin (BSA) were used in this study. The spectra
were generated by a Finnigan LCQ ESI-MS/MS mass
spectrometer by the lab of Dr. George Church at Harvard
Medical School. The spectra are treated as if they are
non-specifically digested, i.e. we make no assumption
about the cutting sites. Protein sequence database:
The Baker's yeast (Saccharomyces -cerevisjadasta
protein database was used as our experimental database.
The size of the database is about three megabytes.
This database was downloaded from the website by
European Bioinformatics Institute at the following
URL: http://www.ebi.ac.uk/proteome/. The BSA protein
sequence is aso included in the protein database.

Suffix tree and suffix tree construction

A brief introduction to suffix tree is given here. The
audience are referred to Gusfield (1997) for extensive
suffix tree treatments. A suffix tree T is arooted tree data
structure for a string S where each suffix of the string
S is represented by a path running from the root to a
leave. A single suffix tree can also be built from multiple
strings, for example, by concatenating the strings into a
single string with some letters that are not presented in
the strings (Gusfield, 1997). Suffix trees built on multiple
strings are called generalized suffix trees. This feature
of suffix tree is very useful when we want to build a
suffix tree out of a biological sequence database, since
sequence databases usually contain multiple segquences.
A generalized suffix tree example for the two sequences
‘RQPKL’ and ‘RQPKG'’ is given in Figure 1. In this
example, the two sequences are concatenated by the letter
‘@', which is not presented in either of the sequences.
For database searching programs, a mass spectrum is
used to search against a sequence database. Since the
database that we search against is invariant, we can
preprocess it to simplify the search. Here a suffix tree
is created online using Ukkonen's linear time algorithm
(Ukkonen, 1995) based on the sequence database.

Construction of spectrum graph
An NC-spectrum graph (‘NC’ is brief for * N-terminal and
C-terminal’, since the graph is built on the N-terminal b-
ions and the C-terminal y-ions) is constructed according
to the input mass spectrum using the algorithm by Chen
et al. (2001). Here we briefly summarize the ideas of the
construction.

Tandem mass spectrometry measures mass/charge ratios
of selected peptides and then measures their fragmented
ions. Assume that the charges are known and the masses

Fig. 1. Generalized suffix tree for the two sequences ‘RQPKL' and
‘RQPKG'. The two strings are concatenated by ‘@’ to form the
total string ‘RQPKL@RQPKG$'. The number at a leaf indicates
the starting position of the suffix in the total string.

can be derived. Assume that an unknown peptide q
has molecular weight W (uncharged) and k fragmented
ions I1, ..., lx with masses wy, ..., wg, respectively. A
spectrum graph G= (V, E) iscreated as follows.

Let m = 2k + 1. We first create two nodes, zg and
Zm, On a line to represent the zero mass and the total
residue mass, W — 18, of q, respectively. The 18 daltons
are for the two extra hydrogens and one extra oxygen in
g, besides the residues. All other nodes are created on
the line between zg and zy, such that their distances to zg
correspond to the associated masses. For each |, because
it is unknown whether it is a b-ion or ay-ion, we create a
pair of nodes, zj and zyn_ j, placed at the mass of wj — 1
and W — (wj — 2), respectively, to represent two mutually
exclusive assumptions: (1) I isab-ion, and z; represents
the node with the residue mass of thisb-ion; and (2) I isa
y-ion, and zy_j represents the node with the residue mass
of its complementary b-ion. If thision isreal, either z; or
Zm- |, but not both, represents the real b-ion.

The edges of the spectrum graph G aways point from
the lower mass nodes to the higher mass nodes. If the mass
difference between two nodes z and z; equals the total
mass of some amino acid residues, we draw a directed
edge between z and z;, pointing from the low-mass node
to the high-mass node. Thus, the spectrum graph G is a
directed acyclic graph aong a line, and al edges point
to the right on the real line (so it is @so in topologically
sorted order). See Figure 2 for an example of a spectrum
graph. In the following sections, the starting node zg and
ending node zy, will also be referred to as Ng (N-terminal)
node and Cq (C-terminal) node, respectively.
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Fig. 2. An NC-spectrum graph example. A: a hypothetical tandem
mass spectrum of the peptide RQPKL (622.39 Daltons.) B: a sparse
NC-spectrum graph constructed from the spectrum shown in A. A
path running from Ng to Cq is bolded and labelled with possible
corresponding amino acids. The symble ‘+' means ‘and’, while ‘/’
means ‘or’. For example, ‘P+K/Q’ means‘Pand K’ or ‘Pand Q'.

Sear ching the suffix tree against the spectrum
graph

We have preprocessed the tandem mass spectrum using
an NC-spectrum graph. In the following two sections we
show two algorithms to search the suffix tree against
the spectrum graph. In Algorithm 1 we perform a suffix
tree-based searching, while in Algorithm 2 the searching
is NC-spectrum graph-based. Before we introduce the
algorithms, we will first introduce the basic notations to
make the algorithms easier to understand.

We will use ‘ST’ to denote ‘suffix tree’ and ‘NC’ for
*NC-spectrum graph’. Wewill user, u and v to denote the
nodes in the suffix tree, wherer is referring to the root.
We will use Ng, Cp, w and z to denote the nodes in the
spectrum graph, where N is the starting node and Cy is
the ending node. Sometimes the subscripts ‘ST' and ‘NC’
are also used to make the notations clearer.

Algorithm 1: ST-NC searching—ST based

We will traverse the suffix tree by a depth-first-search
(DFS) dgorithm (Cormen et al, 2001). The spectrum
graph will be used as a checking table. We will start
the traversal beginning from the root r of the suffix tree.
Supposethe current pathis (u, v), where u denotesthe last
position in the tree where the path (r, u) has been mapped
onto the spectrum graph. u is not necessarily an internal
node or aleaf. At the beginning of the traversal, u and r

are the same, or say u is the root of the suffix tree. We
will check whether there is an edge in the spectrum graph
corresponding to the current path (u, v). Let wnc be the
last node in the NC-spectrum graph where some incoming
path from the root to wnc is mapped by the (r, u). At
the beginning of the traversal, wnc is Ng of the spectrum
graph. We have two cases here:

1. The mass of the current path (u, v) can be mapped
to some outgoing edge (wnc, Znc). We have two
possibilitiesin this situation:

(i) znc isthe ending node in the spectrum graph. In
this case, the path from r to v has been mapped to
some path from Ng to Co. Thus we will report the
path (r, v) and continue the suffix tree traversal.

(ii) znc is not the ending node in the spectrum
graph. We will then let u < v, and wnc < Znc
and continue the traversal.

2. If the mass of the current path (u, v) can not be
mapped to any outgoing edge of wnc, we will
extend the path (u, v) one more letter:

e If visneither aleaf nor an internode, we will let
v be the next letter in the edge-label of current
edge.

e If visaninterna node, then we can extend the
path (u, v) one more letter to one of v’s children.

e If v is a leaf, we will stop extension but
continue suffix tree traversal. In this situation,
we will need to backtrack on the suffix tree.
When we backtrack on the suffix tree, we will
also backtrack the corresponding edges in the
spectrum graph.

After the extension, we will check again whether
the path (u, v) can be mapped to some outgoing
edge of wnc. We will also add one more restriction
that there can be at most three extensions in a
row. The number ‘three’ is somewhat arbitrary, by
assuming that at most three consecutive b-ions or
y-ions are allowed to be missed from the tandem
mass spectrum. I the quality of the spectrumisgood
enough, we can tighten the number of extensions to
be ‘two’; conversely, if the quality is not that good,
one might want to relax the restriction by setting this
number to belarger than ‘three’. There are two cases
that can happen within this scenario:

(i) If the path (u, v) can be mapped to some outgoing
edge of wnc within ‘three extensions’, we will
follow step (1) mentioned above.

(ii) if the path (u, v) cannot be mapped to some
outgoing edge of wyc within ‘three extensions’, we
will conclude that the path fromroot r to the current
position v can not be mapped to any path from N to
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Co in the spectrum graph. In the latter case, we will
stop further extension but continue the suffix tree
traversal (again we need to backtrack on the suffix
tree, and also backtrack the corresponding edge in
the spectrum graph).

We will carry out the suffix tree traversal according to
steps 1 and 2 above until the whole suffix treeis traversed.

will be 0’s otherwise. Using this binary array, we can keep
track of the number of matches of the path from root to
the current position when we do the DFS. We can then set
a minimal number of matches as a selection criterion for
our candidate peptides. In Section *Choosing a matching
threshold’ the minimal number of matches will be treated
more rigorously.

Algorithm 2: ST-NC searching — NC based

LEMMA 1. Algorithm ‘ST-NC searching—ST Based’ | this algorithm, we will do an exhaustive search on
has space complexity @ + |V|) and time complexity he spectrum graph, meanwhile we will keep track of the

O(n), where n is the total length of sequences in the,

orresponding path in the suffix tree. We will start from

database andV| is the number of vertices in the spectrum o |eftmost node of the spectrum graph No, which will

graph.

PrROOF. Using Ukkonen’s agorithm, the suffix tree will
take space O(n) (Gusfield, 1997). The NC-spectrum graph
will take space O(|V ) (Chen et al,, 2001). Thus, the space
complexity for this algorithm will be O(n + |V ).

The algorithm will take time O(n) to traverse the tree.
Since we are using the spectrum graph as a checking table,
each checking up will take constant time. The time spent
on checkup is constant because the number of outgoing
edges for each node is limited and for each checking we
are only checking the outgoing edges for the node wyc.
Thus the time complexity for this algorithm will be O(n).

be our source of exhaustive search. The spectrum graph
is adirected acyclic graph (DAG) with all edges pointing
from left to right (Chen et al, 2001), thus it is already
in topologically sorted order. We will do the exhaustive
search according to the topological order of the spectrum
graph.

Let (w, 2) be the current edge in the spectrum graph,
where w is the last node in the spectrum graph with
some incoming edge(s) mapped to some path(s) in the
suffix tree. At the beginning of the algorithm, w is the
same as Ng. When we say an edge in the spectrum
graph is mapped to a path in the suffix tree, we mean the
corresponding mass for the edge in the spectrum graph is

THEOREM 2. Algorithm ‘ST-NC searching—ST Based’ e same as the mass for the path in the suffix tree. Let
correctly finds all the candidate peptide sequences thaYV(w,2 be the mass for the edge (w, 2). We will check

have corresponding paths in the spectrum graph.

PROOF. The statement is proved inductively asfollows.

At the beginning of the algorithm, u and r are the same
in the suffix tree, and wn ¢ is No of the spectrum graph, or
say, we have mapped r to No.

Assume that the path (r, u) has been mapped to some
path (No, wnc), the algorithm will extend the path (r, u)
to v if and only if there is a corresponding outgoing
edge (wnc, Zne) in the spectrum graph. And when we
backtrack on the suffix tree, we are aso backtracking the
corresponding edge in the spectrum graph, which again
makes sure that (r, u) is corresponding to some path
(No, wne).

Since we are traversing the whole tree, all candidate
peptide sequence will be visited exactly once. Thus the
algorithm will correctly find all the candidate peptides that
have corresponding paths in the spectrum graph.

One straightforward implementation of agorithm ‘ST-
NC searching—ST Based' is to use a binary array to
represent the coordinates (masses) of the NC-spectrum
graph, by rounding the coordinates to the nearest integers.
The values for the binary array will be 1's for the indices
that are equal to the rounded integers of the coordinates
of the NC-spectrum graph. The valuesfor the binary array

whether we have the corresponding pathsin the suffix tree
for Wy, . This can be done by augmenting the node data
structure for the NC-spectrum graph with a field caled
‘ST-pointers'.

DEFINITION In an NC-spectrum graph, the field
‘ST-pointers’ for anode w isa collection of pointers, with
each pointer pointing to a position in the suffix tree where
the path from the root (of the suffix tree) to that position
corresponds to a path from Ng to w in the spectrum graph.

With the help of ST-pointers, we will update our
spectrum graph in the following way. For each pointer in
the ST-pointers for w, let u be the position that the pointer
is pointing to and we search from u downward the suffix
tree to see whether we can find a corresponding path (u, v)
for edge (w, 2). If such a path is found, then a pointer to
v will be included in the ST-pointers of node z; if no such
path is found, we will do nothing.

We will carry out the search in the manner described
above until we come to Co. The * ST-pointers’ in Co will
automatically give us the collection of pointers to the
positions in the suffix tree where each path from the root
to that position corresponds to a path from Ng to Co.

Similar to the algorithm * ST-NC searching — ST Based',
we have the following theorems. The proofs are similar

ii117



B.Lu and T.Chen

and thus omitted here but provided at the supplementary
website.

LEMMA 3. Algorithm ‘ST-NC searching — NC Based’
has space complexity @ + |V|) and time complexity
O(n + |E|), where |E| is the number of edges in the
spectrum graph.

THEOREM 4. Algorithm ‘ST-NC searching — NC
Based' is correct.

Choosing a matching threshold

In this section we study how to choose a matching
threshold to screen for good candidate peptides.

Given a spectrum s with parent ion mass m, what is the
chance that arandom peptide g (with mass m) has at least
t matches with s? If we find a peptide having t matches,
how significant is this match? Let a function f (g, s) be
the number of matches between g and s. Then we need to
compute Pr(f(q,s) >t | s, m). Actualy, in our database
search, the goal isto find the threshold t such that

Pr(f(g,s) >t|s,m=p, 1)

where p indicatesthe statistical significance. For example,
we can set p = 0.01. We briefly describe two algorithms
to computet such that (1) is satisfied.

Random peptide samplingor the simplicity of descrip-
tion, we assume that every peptide sequence has the same
probability to exist, and that the mass for each amino acid
is an integer. We want to randomly generate r peptides
di, ..., Or, &l with the same mass m, and compute f (q;, S)
fori =1,...,r.Let Ny be the number of g; where g; sat-
isfies f(gi,s) > t,i = 1,...,r. We can then choose a
threshold t such that

pxr =N 2

That is, the product of p andr equals N;.

How do we efficiently sample r random peptides with
mass m? We use an array C: CJi] indicates the total
number of peptides having mass i. Then we have the
following recursion:

20
Clil=)_Cli — masse;)], (3)
j=1

where aq, ..., azo represent 20 amino acids and mass)
returns the mass of an amino acid. With this recursion,
C can be computed in linear time. With C, we can
generate peptides in reversed order. Starting from C[m],
we generate the last amino acid «j of the peptide using
the following probability:

20
Pr(aj) = C[m—massaj)l/ Y C[m—massai)]. (4)
i=1

Plot of Candidates vs Matches
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Fig. 3. Plot showing the number of candidate peptidesvsthe number
of matches for an example spectrum (Spectrum 10 in Table 1).
The distribution of the matches is approximately Poisson. The light
grey histogram is the plot of the matches of 40 thousand random
candidate peptides. The dark histogram is a simulated Poisson
distribution, using the mean computed from the matches of random
peptides and using the same number of events (matches).

and we repeat on C[m — masscj)] until the first amino
acid is generated. We can repeat this process to generate
r peptides. It can be proved that this process generates
each peptide with the same probability. The total time is
O(m+1), wherel isthe total number of amino acids for
I peptide sequences.

Approximation by Poisson distributionVe assume
that the distribution of f(q,s) is Poisson, which is
approximately correct shown by Figure 3. Let 1 be the
mean, and let k = f(q, s), the probability mass function

ofkis
k

A
p(k) =e—kg, k=0,1,2,.. (5)

Then, we choose the largest t that satisfies
o
> pk) < (1- p). (6)
k=t

How to calculate A for s and m? A can be calculated
by random peptide sampling. We first construct an array
C using the algorithms shown above. Let S be the sum of
matches between s and every peptide having massm. Then
A = S/C[m]. Definean array D: DJi] equals the number
of peptides (having mass m) that havei asthe mass of ab-
ion. With D, we can calculate S using the following rule:
if D[i] > Oandi (b-ion) matches some masspeak in s, we
add D[i]to S; if m — i (y-ion) matches some mass peak
ins, weasoadd DJ[i] to S. Similar to the agorithm for
calculating C, D can bedonein linear time. Thus A can be
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Modifications

K K, K, K,

R R, R,

Fig. 4. An example for suffix tree search with amino acid modifica-
tions. A: partial suffix tree of Figure 1. B: The table of amino acid
modifications. Only three amino acids (K, Q, R) have modifications.
During the search from root to leaf 1, we will need to look up the
spectrum graph to see if any of the modifications of K, Q, R can lo-
cate a match when we encounters these three amino acids. See text
for more descriptions.

found efficiently in O(m) time. After A isfound, t can be
computed according to (5) and (6) for agiven p.

Searching peptides with amino acid modifications

Let mj; be the mass of the jth modification for amino
acid «; . If al possible modifications for each amino acid
are given, my., ..., My., how to find a peptide q from
databases such that f (g*, s) > t, whereq* isthe modified
peptide of q? Obviously, for each peptide q, there are
exponential number of possible masses. The indexing
technique does not work here. A slight modification to
Algorithm ‘ST-NC Searching — ST based’ should work.
The basic ideais that when exploring an amino acid «; in
the suffix tree, we can look up the spectrum graph to seeif
any of the modifications, mj1, mj2, ... can locate a match
in the spectrum graph. If it can, we accept the modification
and continue; otherwise, we back-track the suffix tree.

To illustrate this algorithm, one example is shown in
Figure 4. The suffix tree is built from the protein sequence
database in the usua way, as shown in Figure 1. Only
part of the suffix tree is shown here in Figure 4A. The
table of amino acid modifications is aso given. Three
amino acids have known-modifications in the example as
shown in Figure 4B, where K, Q, K have 3, 1 and 2
types of modifications, respectively. In this example, we
are searching from the root down the path toward leaf
1, i.e. the path labelled with RQPKL. In this search, we
need to look up the spectrum graph to see if any of the
modifications can locate a match in the spectrum graph
whenever we encounters K, Q, or K. The overal time
spent on searching the path RQPKL will be 24 times (=
4 x 2 x 3) of the original search without any modification.

Following we give a brief analysis of running time for
suffix tree search with amino acid modifications. Assum-

ing each amino acid appears with the same frequency and
also assuming the average peptide length is 20, let N; be
the number of modifications for the ith amino acid (N; is
zero if the amino acid has no modification), then an ap-
proximate estimation of searching timeis

20
n x H(Ni + 1). (7)

i=1

That is, the searching timeisstill linear, although we might
have a big constant here if we have alot of modifications
(IT21(Ni +1)). In the example shown above, the constant
is 24 since other amino acids have no modifications.
Generally, we may restrict the number of modifications
allowed in a peptide, thus restricting the constant to be
relatively small.

EXPERIMENTAL RESULTS AND
DISCUSSIONS

We implemented Algorithm ‘ST-NC searching — ST
Based” using the datasets mentioned in the Methods
section. The algorithm was implemented using a mixture
of C/C++ codes. The codes were compiled and run under
Cygwin environment. The PC we used to run the program
is Pentium 4 with CPU speed 1.7 GHz and 256 MB RAM.
Table 1 summarized our test results.

From this table we know that the average time spent
on constructing the suffix tree out of the three megabytes
yeast protein database is roughly 25 seconds, and the
average time used to search the suffix tree for a candidate
peptide is roughly 10 seconds. Regarding the fact that
the size of non-redundant human protein database is
about 15 megabytes (according to the website by the
European Bioinformatics Institute, as of March 2003), we
predict that by using a suffix tree approach, interpretation
of a mass spectrum generated by non-specific enzyme
digestion via database searching can be performed within
a couple of minutes. One thing that need to be mentioned
is that we constructed one suffix tree for each spectrum.
We did this in that we wanted to test the suffix tree
construction time. In rea application, one suffix tree
will be constructed for only once for all mass spectra.
For space requirement, straight-forward representation
of suffix trees costs substantial space per letter. In our
implementation, the suffix tree costed roughly 52 bytes
of memory per letter. A recent contribution by Kurtz
(1999) showed that more compact representations can be
achieved by choosing data structures carefully, where 20
bytes are required per letter in the worst case.

Table 1 shows that the program is also sensitive to
find the correct candidate peptides. For nine out of the
ten spectra we experimented on, the program correctly
reported the real peptide as the top candidate using a
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Table 1. Test results of the algorithm ‘ ST-NC searching — ST Based'

ST Build- Searching Minimal Number of

Spectrum Real Sequence Top Candidate ing Time? TimeP Matches® Candiatesd
1 DLGEEHFK DLGEEHFK 25 8 3 1293
2 AEFVEVTK AEFVEVTK® 26 8 3 1349
3 YLYEIAR YLYEIAR® 26 7 3 913
4 LVNELTEFAK LVNELTEFAK 23 10 5 1401
5 KQTALVELLK KQTALVELLK 23 9 4 1319
6 LSQKFPK ENFYYLf 26 6 5 824
7 LGEYGFQNALIVR LGEYGFQNALIVR 25 13 4 823
8 DAFLGSFLYEY SR DAFLGSFLYEY SR 25 13 3 526
9 KVPQVSTPTLVEVSR KVPQVSTPTLVEVSR 23 14 4 2468
10 RHPEYAVSVLLR RHPEYAVSVLLR 29 13 4 1151

Notes: a) Time used to build the suffix tree in seconds; b) Time used to search the suffix tree for the candidate peptides in seconds; ¢) The minimal number of
matches required to be as a candidate peptide; d) Total number of candidate peptides obtained using the Minimal Matches(c ); €) More than one candidate

peptides scored top one; f) The real peptide scored top 7.

Table 2. The number of candidate peptides decreases as the minimal number of matches to the NC-spectrum graph increases

Minima Number of Matches Matches of Final Ranking of

Spectrum 0 1 2 3 4 5 6 7 8 9 Real Peptide? Real pepti deP
1 53611 35424 9742 1293 82 1 0 0 0 0 4 1
2 45732 28836 8252 1349 134 6 0 0 0 0 3 1
3 44579 27120 6540 913 68 4 0 0 0 0 4 1
4 48880 44080 30309 15144 5446 1401 279 43 8 1 9 1
5 44404 35318 17634 5815 1319 205 18 0 0 0 5 1
6 54314 47178 30859 14026 4274 824 93 10 0 0 5 7
7 47021 35219 14680 4065 823 117 9 3 0 0 7 1
8 43821 28321 5629 526 29 1 0 0 0 0 4 1
9 46606 39004 22734 9008 2468 460 67 13 3 1 11 1
10 41147 30716 14856 4855 1151 190 28 3 1 1 9 1

The 10 spectra are in the same order asin Table 1. For each spectrum, the collection containing the real peptide with the smallest number of candidate
peptidesisindicated by an italic font. Note: @) The number of matches of the real peptide to the NC-spectrum graph. b) The final ranking of the real peptide

using a SEQUEST-like scoring function.

SEQUEST-like scoring function; for the rest spectrum (#6
in Table 1), the program ranked the real peptide top 7
among all the candidate peptides.

Using NC-spectrum graph can greatly reduce the num-
ber of candidate peptides, thus saving our time on scoring
the candidate peptides against the real spectrum. Table 2
showed clearly how the minimal number of matchesto the
NC-spectrum graph can reduce the number of candidate
peptides. Table 2 also shows that for three out of the ten
spectra (#4, 9, 10), the real peptides have the largest num-
ber of matches. This reinforces that it is a good practice
to use the number of matches as a screening criterion for
candidate peptides.

Our program is flexible to incorporate other kinds of
ions such as b—H»0, b—NH3, y—H20 and a-ions, and
assign different weights to different kinds of ions during
the search between the suffix tree and the spectrum graph.

The idea of using the NC-spectrum graph as a screening
criterion for candidate peptides can be further extended
to the case where we do not know the parent ion mass.
Sometimes due to the reason that the charge status of
the parent ion is unknown, we are unable to know the
parent ion mass beforehand. In the case of SEQUEST,
the program will make several tries, by assuming that the
parent ion is charged +1, +2, +3, and then calculate the
respective parent ion masses. There is also one technique
to predict the parent ion mass by using azoom scan. Inthe
scenario of the NC-spectrum graph, if we do not know the
charge of the parent ion, we can simply regard all theions
as b-ions and give a upper bound of the parent ion mass.
We can then use the b-ion series and the upper bound of
the parent ion mass to screen for the wanted candidate
peptides during our suffix tree searching, again by setting
aminimal number of matches as a selection criterion.
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