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For the identification of novel proteins using MS/MS,de novosequencing software computes one
or several possible amino acid sequences (called sequence tags) for each MS/MS spectrum. Those
tags are then used to match, accounting amino acid mutations, the sequences in a protein database.
If the de novosequencing gives correct tags, the homologs of the proteins can be identified by this
approach and software such as MS-BLAST is available for the matching. However, de novo sequencing
very often gives only partially correct tags. The most common error is that a segment of amino acids
is replaced by another segment with approximately the same masses. We developed a new efficient
algorithm to match sequence tags with errors to database sequences for the purpose of protein and
peptide identification. A software package, SPIDER, was developed and made available on Internet
for free public use. This paper describes the algorithms and features of the SPIDER software.
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1. Introduction

Protein identification is a fundamental problem in Proteomics. Tandem mass spectrometry
(MS/MS) is emerging as the standard method for this important protein identification prob-
lem 1. In the current practice of protein identification by using MS/MS, purified proteins
are digested into short peptides with enzymes such as trypsin. Then, tandem mass spectra
are measured for the peptides with a tandem mass spectrometer. Finally, the spectra are
interpreted by computer software to identify the amino acid sequences of the peptides and
proteins.

Two approaches exist for the software to interpret the data. The first approach searches
in a protein database to find the peptides that match the MS/MS spectra the best8,22,23,31.
In this paper we call it the database search approach. A number of software programs have
been developed for performing such searching tasks, the most popular being Mascot and
Sequest8,22. The database search approach is effective when the sequences of the target
proteins are in the database. But it does not work when the target proteins are not in the
database.

The second approach computes the amino acid sequences of the peptides di-
rectly from their MS/MS spectra. Such a procedure is calledde novo sequenc-
ing 4,5,6,7,9,12,16,17,24,28,29. Only after thede novosequencing is done for each of the
MS/MS spectra, the obtained sequences (or partial sequences) of the peptides are searched
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in a protein database to find the protein that matches10,25,19. To distinguish with the data-
base search approach, we call this approach thede novoapproach.De novoapproach has
the advantage that it works well for both known and novel proteins. When the proteins are
not in the database, becausede novosequencing can still provide the sequences of the pep-
tides, a homology search program such as BLAST2,3 can be used to identify the homologs
of those peptides, and therefore, the homologs of the target proteins.

The de novoapproach is gaining more and more attention, especially because thede
novosequencing software is getting better and can compute much more accurate sequences
than ever before. As a matter of fact, even for proteins that are in the database, researchers
have recently reported that thede novoapproach provides better results than the database
search approach for the MS/MS data produced with certain instruments19,25.

The de novoapproach needs ade novosequencing software program to compute the
peptide sequences, and a similarity search software package to match the peptide sequences
in a database. The former step has been widely studied recently5,6,7,9,12,16,17,24,28,29. Both
commercial software, such as PEAKS16, and free software, such as Lutefisk28,29 and those
described in other papers14,9,30, are available. But people are still using the general homol-
ogy search tools like BLAST for the second step. These general tools are often not suitable
for the matching in our application. For example, the peptide sequences generated by the
first step are usually short (10-20 amino acids), but the general homology search tools usu-
ally anticipate much longer query sequences. So, the parameters of the homology search
tools need to be adjusted. Three general purpose homology search programs, FASTA20,
Shotgun21 and BLAST2,3, have been modified to three sequence tag searching problems:
FASTS18, MS-Shotgun13 and MS-BLAST26.

But more importantly, thede novosequencing software almost always produce peptide
sequences with errors. This is determined by the fact that biochemical experiments for
protein identification always contain errors, which include the impurity of the sample, the
chemical noise in the MS/MS spectra, the imperfect ionization and fragmentation of the
peptides in the MS/MS spectrometers16. Thede novosequencing errors are also because
the mathematical models used byde novosequencing software are greatly simplified in
order to make the computational problem feasible. In this paper, we will usesequence tags
to refer to thosede novosequences that may contain errors.

According to our experience, in a typical match between a sequence tag with a homolog
of the real peptide, more mismatched letters are caused byde novoerrors than by homology
mutations. In such a circumstance, the mathematical foundation that is used to build general
homology search tools, such as BLAST, does not hold anymore. As a result, a homology
search tool that considering both homology mutations andde novosequencing errors is
greatly desired.

2. Related Work

The search programs, FASTS18, MS-Shotgun13, and MS-BLAST26 that were modi-
fied from the general purpose homology search programs can take multiple sequence tags
as their inputs and identify the homologous proteins. The main difference between these
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programs with their “parent” programs is the adjustment of parameters and the simultane-
ous consideration of multiple sequence tags to improve the protein identification accuracy.
However, none of them considers thede novosequencing errors. The errors may increase
the matching score of a wrong protein and also decrease the matching score of a correct
protein, and therefore create false positives and negatives25.

Because mostde novosequencing software determines the amino acids by examining
the mass differences between pairs of peaks in an MS/MS spectrum, the most commonde
novosequencing error is the replacement of one sequence segment by another with similar
mass. In their poster10, Han etal. proposed a simple method to match sequence tags with
peptide sequences in the database, allowing the matching of similar-mass segments. The
numbers of matching letters and segments are used to measure the quality of the matches.
When the correct peptides are in the database, Han etal. demonstrated that this segment
match method can help identify the correct peptides by searching the partially correct se-
quence tags in a database. In the same poster10, they also proposed to combine homology
mutations with segment matches in order to identify proteins not in the database. But no
algorithm was developed there. The algorithms and the SPIDER program discussed in this
paper is the continuation of the research.

Recently, an OpenSea software package25 was brought to our attention. OpenSea is
developed by research effort independent to ours. The software matches partially correct
sequence tags with a database to identify the homologous or modified proteins. It consid-
ered bothde novosequencing errors and homology mutations in its search. However, the
de novoerrors and homology mutations are not allowed to occur at the same positions.
It further requires that node novosequencing errors have length greater than three. Also,
OpenSea uses a simple greedy algorithm to do the match, which may not find the optimal
alignment between the query and a database sequence. We noticed that OpenSea does a
partial function, the “non-gapped homology match mode”, of SPIDER. The research con-
ducted in the OpenSea paper25 also demonstrated that thede novoapproach is superior to
the database search approach for protein identification.

It is also possible to integrate the findings of sequence tags from MS/MS and the se-
quence tag search in the database into one program. GutenTag27 is a program that imple-
ments a similar idea. GutenTag first produces some short pieces of thede novosequence.
Then a database is searched to find the matches of the pieces. GutenTag scores the pro-
teins according to five factors: a tag match, a mass gap match at either side of the tag, and
a tryptic-termini match on either side of the peptide. However, GutenTag does not con-
sider homology mutations or modifications. As a result, GutenTag is not suitable for the
identification of unknown or modified proteins25.

In this paper, we present SPIDER’s methods to do sequence tag searching. SPIDER’s
approach takes into account of both homology mutations andde novosequencing errors.
Moreover, it allows the mutations and errors to occur at the same positions of the sequence.
Also, the method we develop here can be straightforwardly extended to identify proteins
with post-translational modifications25. An interesting bonus feature of SPIDER’s algo-
rithm is that it can “guess” the most likely real sequence by combining the information of
the partially correct sequence tag and the homolog of the real sequence.
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The rest of the paper is organized as follows: Section 3 models the sequence tag search
problem as a very special alignment problem by introducing an “intermediate” real se-
quence; Section 4 presents a dynamic programming algorithm to find the optimal align-
ment; Section 5 studies a “simplified” version of SPIDER’s alignment problem. The time
complexity is therefore reduced; Section 6 introduces the features and heuristics used in
SPIDER software; Section 7 gives the testing results on real sequence tags.

3. SPIDER’s Alignment Model

When a sequence tag is aligned to a database sequence, two types of editing operations
should be considered. One is thede novosequencing error, which replaces one segment
of letters by another segment with the same mass. The other is the homology mutations
between the real sequence and the database sequence.

Let Σ be our alphabet, i.e., all the amino acids. LetX be the sequence tag,Y be the
real peptide sequence, andZ be Y ’s homolog in a database. Very often,Y is slightly
different from bothX and Z. The difference betweenY and X is caused byde novo
sequencing error, and the difference betweenY andZ is caused by homology mutations.
We usef(X, Y ) to denote the distance function that measures thede novosequencing
error that changesY to X, and useg(Y, Z) to denote the edit distance betweenY andZ.
Then, the SPIDER distance betweenX andZ, denoted byd(X, Z), is naturally defined by
d(X, Z) = f(X, Y ) + g(Y, Z). Because we usually do not know whatY is, we define

d(X, Z) = min
Y

(f(X, Y ) + g(Y, Z)).

In the following we will introduce a general way to definef(·, ·) andg(·, ·). The ac-
tual definitions used in SPIDER software will be discussed in Section 6.1. We note that
SPIDER’s algorithm that will be introduced in Section 4 can be straightforwardly used to
many other definitions off(·, ·) andg(·, ·).

When a segmentY0 with massm is replaced by a different segmentX0 due tode novo
sequencing error, we associate it with a costf ′(m) > 0. Because any practicalde novo
sequencing software has a reasonable success rate, we do not anticipate to see many long
segments being computed wrongly. Also, whenm is larger, the number of different seg-
ments with the same massm is also larger, and therefore thede novosequencing software
has a smaller chance to output this specific segmentX0. For these two reasons,f ′(m) is
generally greater for greaterm. However,f ′(m) can be very dependable tom and usually
is not a monotonic function. For completeness, if a lettera is assigned correctly by thede
novosequencing software, we also associate it with a costf∗(a). Thede novosequencing
cost,f(X, Y ) is then defined by the sum of costs of segment replacements and correct
letter assignments betweenX andY .

For example, LetX = LSCFAV andY = EACFAV. Because we only consider replace-
ments of segments with same mass, and all masses of the amino acids (letters) are known,
the alignment in Figure 1(a) can be constructed easily. Then thede novosequencing cost is
equal tof ′(218.1) + f∗(C) + f∗(F) + f∗(A) + f∗(V), where218.1 ≈ m(LS) ≈ m(EA).
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X: [LS]CFAV [LS]CFAV
Y: [EA]CFAV EACFAV [EA]CFAV
Z: ETCF-V [ET]CF-V

(a) (b) (c)

Fig. 1. (a) The alignment between ade novosequence tagX and the real sequenceY . Same-mass segment
replacements are allowed. (b) The alignment between a real sequenceY and a database sequenceZ. Substitutions
and insertions/deletions are allowed. (c) The alignment of the three sequencesX, Y , Z constructed from (a) and
(b).

Let g′(a, b) be the distance between two amino acidsa andb, andḡ > 0 be the inser-
tion/deletion cost.g(Y,Z) is defined to be the conventional edit distance betweenY andZ

under the scoring schemeg′(a, b) andḡ.
Because our algorithm works generally on any reasonally definedf ′(m), f∗(a),

g′(a, b) and ḡ, we will not worry about the actual selection of these functions until when
we discuss the software implementation in Section 6.1. However, in an examplary system,
these functions can be the negative logarithms of the probabilities of the corresponding
events. The advantage of using probabilites is that the weight betweenf(X, Y ) andg(Y,Z)
is calibrated automatically.

Once the distance functions are defined, a sequence tag search problem is then to find a
peptide sequence from the database, such that its SPIDER distance to the query sequence
is minimized. This can be done by enumerating all the database sequences and computing
the SPIDER distance. Therefore, the key to solve this problem is an efficient algorithm
to computed(X, Z) for any givenX andZ. Moreover, the core problem is to find this
“intermediate” sequenceY , for the following two reasons:

(1) OnceY is known,f(X, Y ) andg(Y, Z) can be computed relatively easily.
(2) Y is likely the real peptide sequence, knowing that it is homologous toZ and ade

novo sequence software program computes an partially correct sequence tagX.
Using the above discussed distance model, an optimal alignment of the three sequences,

X, Y , andZ can be constructed by merging the alignment of(X, Y ) and the alignment of
(Y, Z) (See Figure 1). In the alignment, the columns involved in a single segment replace-
ment is called ablock. Similarly, if a letter ofY is correctly assigned inX, we also call
that column ablock. Therefore, in the alignment of Figure 1(c), there are five blocks. The
first block involves a segment replacement and the other four blocks are all single-column
blocks. Thelength of a blockis the maximum length of theX andZ segments in that block.
Therefore, the five blocks in Figure 1(c) have lengths 2, 1, 1, 1, and 1, respectively.

From the definition of our cost function, it is obvious thatd(X, Z) can be computed
“block-wisely” as follows.

Let Y be such thatf(X, Y ) + g(Y, Z) is minimized. That is,d(X, Z) = f(X, Y ) +
g(Y, Z). In an alignment ofX, Y andZ, let Xi, Yi, andZi be the segments of the three
sequences in thei-th block, respectively. Then

d(X, Z) = f(X, Y ) + g(Y,Z)



August 3, 2005 14:35 WSPC/INSTRUCTION FILE spider

6

=
∑

i

f(Xi, Yi) +
∑

i

g(Yi, Zi)

=
∑

i

[f(Xi, Yi) + g(Yi, Zi)] . (1)

The following lemma tells usYi is optimal in each block.

Lemma 1. Yi is the sequence that minimizesf(Xi, Yi) + g(Yi, Zi). I.e. d(Xi, Zi) =
f(Xi, Yi) + g(Yi, Zi).

Proof. If there is another sequenceY ′
i such thatf(Xi, Y

′
i ) + g(Y ′

i , Zi) < f(Xi, Yi) +
g(Yi, Zi), replacingYi with Y ′

i in sequenceY will decrease the value of (1), which is a
contradiction to the optimity ofY .

Definition 1. SPIDER’s sequence alignment problem Given a sequence tagX and a
database sequenceZ, compute a real sequenceY and an alignment ofX, Y andZ, so that
the costf(X, Y ) + g(Y, Z) is minimized.

4. Dynamic Programming for Optimal Alignment

In this section, we present a dynamic programming algorithm to computed(X, Z). In order
to computed(X, Z), we first calculate another functionα(m,Z) which is defined below.

Let Z be a segment andm be a mass, define

α(m,Z) = min
Y :m(Y )=m

g(Y,Z). (2)

That is, α(m,Z) denotes the minimum edit distance betweenZ and a segment with
massm. Here we requirem(Y ) to be exactly equal tom for the simplicity of presenta-
tion. In practice, it is easy to modify the algorithms described in this section to compute
minY :m(Y )≈m g(Y, Z). And therefore small mass errors are allowed in the same-mass seg-
ment replacement.

Because of the use of edit distance ing(Y,Z), m can be different fromm(Z). As a
result, the computation ofα(m,Z) is not trivial. Lemmas 2 and 3 study the computations.
Recall that̄g is the insertion/deletion cost andg′(a, b) is the distance between two amino
acidsa andb.

Lemma 2.

α(m,Z[i..j]) = min


miny∈Σ α(m−m(y), Z[i..j]) + ḡ,

α(m,Z[i..(j − 1)]) + ḡ,

miny∈Σ(α(m−m(y), Z[i..(j − 1)]) + g′(y, Z[j]))
(3)

Proof. Let Y = Y1y be the optimal sequence that minimizesα(m,Z[i..j]) and consider
the optimal alignment betweenY andZ[i..j]. There are three cases: (A)y is deleted (in-
sertion inZ), (B) Z[j] is deleted, or (C)y is aligned withZ[j], as illustrated in Figure 2.
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m−m(y) m(y)m−m(y) m(y)

Z[i..j] Z[i..j − 1] Z[j]

m

Z[j]Z[i..j − 1]

(A) (B) (C)

Fig. 2. Three cases for the alignment between a mass gap and sequenceZ: (A) insertion inZ; (B) deletion inZ;
and (C) match.

If y is deleted, then there is a cost,ḡ, of deletingy andY1 is the optimal sequence that
minimizesα(m−m(y), Z[i..j]). Therefore,α(m,Z[i..j]) = α(m−m(y), Z[i..j])+ ḡ =
miny α(m−m(y), Z[i..j]) + ḡ.

If Z[j] is inserted, there is a cost insertingZ[j] andY is the optimal sequence that
minimizesα(m,Z[i..(j − 1)]). Thereforeα(m,Z[i..j]) = α(m,Z[i..(j − 1)]) + ḡ.

If y is aligned withZ[j], there is a substitution cost ofg′(y, Z[j]) andY1 is the optimal
sequence that minimizesα(m − m(y), Z[i..(j − 1)]). Thereforeα(m,Z[i..j]) = α(m −
m(y), Z[i..(j − 1)])+ g′(y, Z[j]).

Lemma 2 gives the recurrence relation that computesα(m,Z[i..j]). The base of the
recurrence is studied in the following lemma.

Lemma 3.

α(0, nil) = 0.

α(0, Z[i..j]) = α(0, Z[i..(j − 1)] + ḡ.

α(m,nil) = miny∈Σ α(m−m(y), nil]) + ḡ.

Proof. The first two equations are trivial. For the third equation, letY = Y1y be the
optimal sequence that minimizesα(m,nil). ThenY1 must be the optimal sequence that
minimizesα(m−m(y), nil). Consequently, the third equation holds.

Let A be a table, whereA[m, i, j] has valueα(m,Z[i..j]). From Lemma 3 and
Lemma 2,A can be straightforwardly computed by the following dynamic programming
algorithm inO(M × |Z|2 × |Σ|) time, whereM = m(X).
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Algorithm DP- α

Input : Two sequencesX andZ.
Output : Array A.
1. for i from 1 to|Z| do

A[0, i, i− 1] = 0.

2. for i ≤ j do
A[0, i, j] = A[0, i, j − 1] + ḡ.

3. for m from 1 tom(X) do
for i from 1 to|Z| do

A[m, i, i− 1] = miny∈Σ A[m−m(y), i, i− 1]) + ḡ.

4. for m from 1 toM do
for i from 1 to|Z| do

for j from i to |Z| do

A[m, i, j] = min


miny∈Σ A[m−m(y), i, j] + ḡ,

A[m, i, j − 1]) + ḡ,

miny∈Σ(A[m−m(y), i, j − 1] + g′(y, Z[j])).
5. OutputA.

In the following, letD[i, j] = d(X[1..i], Z[1..j]) andm[i′, i] = m(X[i′..i]). m[i′, i]
can be pre-computed. Lemma 4 studies the recurrence relation ofD[i, j], and Lemma 5
studies the base of the recurrence.

Lemma 4.

D[i, j] = min


D[i, j − 1] + ḡ,

D[i− 1, j] + ḡ + f∗(X[i]),
D[i− 1, j − 1] + g′(X[i], Z[j]) + f∗(X[i]),
min1≤i′≤i,1≤j′≤j(D[i′ − 1, j′ − 1] + α(m[i′, i], Z[j′..j]) + f ′(m[i′, i]))

Proof. Let Y be the sequence that minimizesD[i, j] and consider the optimal alignments
betweenX[1..i] andY andY andZ[1..j]. Let Y = Y1y. Four cases can happen as illus-
trated in Figure 3.

(A) Z[j] is deleted.
ThenY is the sequence that minimizesD[i, j − 1] and there is a deletion cost ofḡ.

ThereforeD[i, j] = D[i, j − 1] + ḡ, which is the first item in the min operation.
(B) y = X[i] is notde novoerror, buty is deleted.
Then there is cost off∗(X[i]) associated withX[i] and a deletion cost of̄g associated

with y. Y1 is the sequence that minimizesD[i − 1, j]. ThereforeD[i, j] = D[i − 1, j] +
ḡ + f∗(X[i]), which is the second item in the min operation.

(C) y = X[i] is notde novoerror, andy aligned withZ[j].
Then there is a substitution costg′(X[i], Z[j]) andY1 is the sequence that minimizes

D[i− 1, j − 1]. ThereforeD[i, j] = D[i− 1, j − 1] + g′(X[i], Z[j]) + f∗(X[i]), which is
the third item in the min operation.

(D) X[i′..i] is a segment ofde novoerror, which is aligned with segmentZ[j′..j] in the
optimal alignment.
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Z[j′..j]

X[i′..i]

m[i′, i]

X[1..i′ − 1]

Z[1..j′ − 1]

(D)(C)

(B)

X

Y

Z

X

Y

Z
Z[j]Z[1..j − 1]

Z

Y

X

y = X[i]

X[i]X[1..i− 1]

X[i]

y = X[i]

X[1..i− 1]
X

Y

Z
Z[j]

(A)

Fig. 3. The four cases for the alignment ofX, Y andZ: (A) Z[j] is deleted; (B)y = X[i] is notde novoerror,
but y is deleted; (C)y = X[i] is notde novoerror, andy aligned withZ[j]; and (D)X[i′..i] is a segment ofde
novoerror, which is aligned with segmentZ[j′..j] in the optimal alignment.

In this case, the cost of thede novoerror isf ′(m[i′, i]), the cost of aligning the suffix of
Y with massm[i′, i] with Z[j′..j] is α(m[i′, i], Z[j′..j]), and the cost betweenX[1..i′−1]
andZ[1..j′ − 1] is D[i′ − 1, j′ − 1]. ThereforeD[i, j] = min1≤i′≤i,1≤j′≤j(D[i′ − 1, j′ −
1] + α(m[i′, i], Z[j′..j]) + f ′(m[i′, i])), which is the fourth item in the min operation.

Lemma 5.

D[0, 0] = 0.

D[0, j] = D[0, j − 1] + ḡ.

D[i, 0] = min
{

D[i− 1, 0] + ḡ + f∗(X[i]),
min1≤i′≤i(D[i′ − 1, 0] + α(m[i′, i], nil) + f ′(m[i′, i]))

Proof. The first two equations are trivial. For the third equation,Z has length 0. IfX[i]
is maintained inY and then deleted inZ, the cost isD[i − 1, j] + ḡ + f∗(X[i]). If a
suffix X[i′, i] is replaced by a mass gapm[i′, i] in Y and then deleted inZ, the cost is
D[i′ − 1, 0] + α(m[i′, i], nil) + f ′(m[i′, i]). All i′ satisfying1 ≤ i′ ≤ i should be tried to
minimize the cost.

From Lemmas 4 and 5, a dynamic programming algorithm can be designed straight-
forwardly to compute allD[i, j] in O(|X|2 × |Z|2) time, providing thatα(m,Z[i..j]) has
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already been computed and stored by Algorithm DP-α. Here we omit the details. Therefore,
the computation ofα(·, ·) andD[·, ·] takesO((|X|2 + m(X)) × |Z|2) time in total. And
a standard backtracking procedure can be used to construct the optimal alignment between
X andZ, as well as the optimalY such thatd(X, Z) = f(X, Y ) + g(Y, Z).

The above-discussed algorithm is a global alignment version and one can easily extend
it to a pattern matching version where the goal is find a substring ofZ which has minimum
distance toX, as follows.

Now let D[i, j] = min1≤j′≤j+1 d(X[1..i], Z[j′..j]), the formulas for computing
D[i, j] are exactly the same as before except the initialization which is list bellow.

Lemma 6.

D[0, 0] = 0.

D[0, j] = 0.

D[i, 0] = min
{

D[i− 1, 0] + ḡ + f∗(X[i]),
min1≤i′≤i(D[i′ − 1, 0] + α(m[i′, i], nil) + f ′(m[i′, i]))

Without giving further detail, we claim that the algorithms in this section can be modi-
fied to find local alignment and gapped alignment. The algorithms can also be used under
many other score functions, as well as to find the alignment that maximizes a score func-
tion.

5. Improving the Efficiency

Although running in polynomial time, the algorithm introduced in Section 4 is not practical,
because the algorithm needs to be used millions of times to align the query sequence with
every peptide in the database. In this section, we try to “simplify” our alignment model in
order to get a more efficient alignment algorithm. It is easy to see that the time complexity
comes from the large value ofm in (3). As a result, we will try to “simplify” our model
by using a “bad-block” cost to approximate the functionα(m, ·) whenm is large. The
reason we put quotation marks around “simplify” is that the description of the model and
algorithm becomes much more complicated, although the time complexity is reduced.

We visually examined many sequence tags obtained byde novosequencing and noticed
that the segment replacements of length 1, 2 and 3 are the most common error. Therefore,
if we calculate the costs of length 1, 2 and 3 segment replacements accurately, and only
approximate the costs of the longer segment replacements, the alignment obtained will be
a good approximation to the optimal alignment. In general, let∆ be a positive integer.
The blocks with segment replacements of length greater than∆ are calledbad blocks. In
contrast, all the other blocks are calledgood blocks.

The costs of good blocks can be pre-computed by the dynamic programming algorithm
in Section 4 and stored in aSPIDER Segment Substitution Scoring matrix (S4-matrix). The
S4-matrix contains all the values ofd(X, Z) for all segmentsX andZ of length at most
∆. For each pair ofX andZ, the S4-matrix also records the intermediate segmentY such
thatd(X, Z) = f(X, Y ) + g(Y, Z).
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To simplify the computation, the costs of bad blocks are only estimated. Suppose a
bad block hasa letters inX, andb letters inZ, the cost of the block is then defined by
α × min(a, b) + β × |a − b| + γ. That is,α is a mismatch cost in a bad block, andβ

is a insertion/deletion cost in a bad block, andγ is a bad-block open penalty. Usually we
require thatα ≤ 2β.

Definition 2. SPIDER’s bad-block sequence alignment problem: Let S4 be an S4-
matrix. Letα, β andγ be three positive numbers. For any given two sequencesX andZ,
construct an alignment so that the sum of the good and bad block costs is minimized.

In order to represent good blocks and bad blocks, two matricesG andB are used.
Let G[i, j] be the maximum score of the alignments betweenX[1..i] andZ[1..j] ending
at a good block; andB[i, j] be the maximum score of the alignment betweenX[1..i] and
Z[1..j] ending in a bad block.

The recursive formulas for computingG andB are given in (4 - 6). (4) initializes ma-
tricesG andB, (5) computesB[i, j] and (6) computesG[i, j].

G[0, 0] = 0; G[0, j] = 0; G[i, 0] = ḡ;
B[0, 0] = γ; B[0, j] = γ; B[i, 0] = γ + β.

(4)

B[i, j] = min



B[i− 1][j − 1] + α,

B[i− 1][j] + β,

B[i][j − 1] + β,

G[i− 1][j − 1] + α + γ,

G[i− 1][j] + β + γ,

G[i][j − 1] + β + γ

(5)

G[i, j] = min


G[i− 1][j] + ḡ,

G[i][j − 1] + ḡ,

mini−∆<i′≤i;j−∆<j′≤j(G[i′ − 1][j′ − 1] + S4(X[i′, i], Z[j′, j])),
mini−∆<i′≤i;j−∆<j′≤j(B[i′ − 1][j′ − 1] + S4(X[i′, i], Z[j′, j]))

(6)

The proofs of the correctness of those formulas are omitted. Because∆ is a constant, it
takesO(1) time to calculate (5) and (6) for a single pair of(i, j). So, a dynamic program-
ming can be designed straightforwardly to compute allG[i, j] andB[i, j] in O(|X| × |Z|)
time. And a backtracking can construct the optimal alignment, as well as the optimalY

such thatd(X, Z) = f(X, Y ) + g(Y,Z).

6. Software Implementation

In this section, we introduce the software SPIDER. SPIDER implements the algorithm in
Section 5, as well as some other heuristic algorithms. SPIDER is available on the Internet
for free public use at http://bif.csd.uwo.ca/spider.
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6.1. The scoring functions and S4 matrix

The parameters that determine the software’s behavior include

• Thede novocost functionf ′(m) for a mass valuem, andf∗(a) for a lettera.
• The homology score matrixg′(a, b) for two lettersa andb, andḡ for the inser-

tion/deletion cost.
• The good block length upper bound∆.
• The α (mismatch),β (insertion/deletion), andγ (bad block open) penalties in a

bad block.

In SPIDER, we empirically assume that 80% of the letters can be correctly assigned
by thede novosequencing software. LetP1 = 0.8. Let f∗(a) = − log2 P1. Let S(m) be
the set of segments whose mass is approximatelym. S(m) can be computed by dynamic
programming using the following recursive definition,S(m) =

∑
a∈Σ S(m−m(a)). The

probability that thede novosequencing software assigns a specificwrong segment to fill
that “mass gap”m can be approximated by1−P1

|S(m)|−1 . We subtract one from|S(m)| because

S(m) also contains the correct sequence. Then we definef ′(m) = − log2
1−P1

|S(m)|−1 .
There are two special pairs of amino acids, (I , L) and (K, Q), that are hard to distin-

guish by mass spectrometry. The reason is thatm(I) = m(L) andm(K) ≈ m(Q). Also,
m(AG) = m(GA) = m(Q). As a result, it is easier for thede novosequencing software to
make mistakes on these amino acids. SPIDER slightly adjustedf∗ andf ′ to reflect this
fact, as follows:f∗(I) = f∗(L) = − log2(P1/2); f∗(K) = f∗(Q) = − log2(2P1/3);
f ′(m(I)) = − log2(P1/2); f ′(m(K)) = f ′(m(Q)) = − log2((1− 2

3P1)/3).
g(a, b) is set to be− log2(Pr(a|b)), wherePr(a|b) is the probability that letterb is

aligned with a lettera in a protein alignment.Pr(a|b) is derived from a BLOSUM9011

matrix as follows. LetPr(a) be the probability that a position of a protein sequence is
a. Pr(a) can be computed by a simple statistics in a protein database. LetB[a, b] be the
BLOSUM90 score betweena andb. From the definition of the BLOSUM matrix11, we can
derive thatB[a, b] = −2 log2

Pr(a|b)
Pr(a) . Therefore, we defineg(a, b) = − log2 Pr(a|b) =

−(B[a, b]/2 + log2 Pr(a)). We also set̄g = 10 empirically.
The S4 matrix is computed for all pairs of segments with lengths no greater than∆ = 3.

Larger ∆ values may give better result but it also unfortunately increases the memory
requirement for the S4-matrix exponentially.

The bad-block related costs are empirically set toα = 6, β = 6, γ = 12.

6.2. Techniques to Speed Up the Search

The protein databases that SPIDER searches are usually large. For example, the re-
lease 42.12 (15-Mar-2004) of Swiss-Prot database contains 146193 proteins comprising
53888514 amino acids. As a result, it may take a long time to compare the query with
every position in the database. Therefore, we implemented the “seeding” heuristics2,15 to
screen out the likely-matching positions, which are then further compared. More specifi-
cally, we require the query and the database entry to have three consecutive letter matches
before they are further aligned by the algorithm in Section 5. The finding of the three letter
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matches can be done efficiently by first building an index table of all the 3-mers of either
query or database, then scanning through the other sequence and retrieving the matches in
the index table. Once a hit (a three-letter match) is found, we do an extension to both di-
rections using the heuristic method in Section 6.3. If a significant local alignment is found
by the “non-gapped homology match mode”, we apply the algorithm in Section 5 to build
a good alignment.

The heuristics described above is what people usually do in general homology search
tools. Our testing showed that the heuristic also works well in SPIDER’s search. The speed
is greatly improved and the sensitivity of the search is not sacrificed very much.

6.3. Other Match Modes

Our algorithm in Section 5 assumes both thede novosequencing error and the homology
mutations. Moreover, the error and mutations can occur simultaneously in the same block
of the alignment. This is very sophisticated model. In practice, however, there are cases
where the situations are simpler. E.g., the target proteins may be in the database therefore
we need not to consider the mutations. Or people are willing to use a simpler model to
gain speed over search quality. In order to meet the different needs at different situations,
we also developed several other match modes in SPIDER software, according to different
error models. In this section, we will introduce the four match modes of SPIDER.

Exact Match Mode.

Exact match mode assumes thede novosequencing result has no error, except that L
and I, Q and K can be exchangeable.a

It further assumes that the target protein is in the database. In this mode, users are also
allowed to use a notation, [m], to specify a mass gap of valuem. The following shows an
alignment between a query tag with mass gaps and a database match.

Tag: [258.1]TLMEYLE[114.0]PK
Match: [EE ]TLMEYLE[N ]PK

In such an alignment,m(EE) ≈ 258.1 andm(N) ≈ 114.0. The mass gaps are often
produced by somede novosequencing software, e.g., Lutefisk, when it cannot confidently
determine a segment. Also, if thede novosequencing software such as PEAKS16 outputs
a confidence level to each amino acid assignment, people can generate these mass gaps by
turning the low-confidence letters to their mass values10,25.

This mode runs very fast but requires high confidencede novosequencing results.

Segment Match Mode.

Segment match mode allows segment replacement errors; however, assumes no ho-
mology mutations. In one of our examples, thede novosequencing software output a
wrong sequence tagARPKWTPTLVMPSR. Using the segment search, the correct sequence,

abecausem(I) = m(L) andm(Q) ≈ m(K).
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KVPQVSTPTLVEVSR, was found in the database. The alignment between the tag and the
correct sequence is the following:

Tag: [AR]PK[W ]TPTLV[MP]SR
Match: [KV]PQ[VS]TPTLV[EV]SR

where mass(AR) ≈ mass(KV), mass(W) ≈ mass(VS), and mass(MP) ≈ mass(EV). The dif-
ference betweenK andQ is usually discarded in this match mode, although users have the
option to choose to distinguish them in SPIDER.

So, there are 9 matched letters and 3 matched segments. These numbers are used to
define the score of the match. Mass gaps are also allowed in our segment search. For exam-
ple, because mass(KV)=mass(A)+156.2 and mass(PQ)=225.3, the following alignment is a
segment match:

Tag: [156.2A][225.3]VSTPTLVEVSR
Match: [KV ][PQ ]VSTPTLVEVSR

In this mode, we use the seeding heuristic to first find hits. Once a hit is found, the
algorithm extends both sequences to the same direction, starting from the hit. A “current
total mass” value is computed to recorded the total mass of the amino acids that have been
extended in the corresponding sequence. The algorithm always extends one more amino
acids in the sequence with a smaller “current total mass” value. A block is formed whenever
the two “current total mass” values are approximately equal. This procedure can be done
in linear time. And therefore, this modes runs very fast. When the queries are batched, this
mode, on average, searches the SwissProt database in no more than 1 second per query on a
3GHZ Pentium IV PC. This mode is very useful when the target protein is in the database.

Non-gapped Homology Match Mode.

In this match mode, we makes three assumptions:
(1) All the homology mutations are substitutions. I.e., no insertion/deletion is allowed.
(2) Mutations andde novosequencing errors do not exist simultaneously in the same

block.
(3) There are no segment replacements with length greater than three.
Under these assumptions, we use a greedy algorithm to find a good alignment around

a hit found by the seeding heuristic. During the extension process, if a mismatch happens,
a subroutine similar to our segment match mode is called to find length≤ 3 segment
matches between the sequence tag and the database sequence. If this mass-based match
fails, we make the assumption that a substitution happened, and the BLOSUM9011 score
for the two amino acids at the current position is assigned to this substitution. Then the
extension is continued. We keep the local max scores for the extensions at both directions
of the hit. The region that gives the highest local score will be recorded and output later. An
example of alignment is shown as following. The square brackets indicate the same mass
replacements.

Tag: CCQ[W ]DAEAC[AF][NN][PG]K
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SwissProt Human
SPIDER exact 35 13
SPIDER segment 90 36
SPIDER non-gapped homology 76 49
SPIDER homology 78 52
MS-BLAST 52 24

Table 1. The comparison of SPIDER and MS-BLAST

|| | ||| |
Match: CCA[AD]DKEAC[FA][VE][GP]K

This mode is almost as fast as the segment match mode. It is very useful when there
are only very fewde novosequencing errors and mutations. We also allow mass gaps in
the query of this mode. We note that this mode of SPIDER is very similar to the OpenSea
software25 developed by independent research effort.

Homology Match Mode.

This is the mode we discussed in Sections 5, 6.1, and 6.2. Homology search allows both
de novosequencing errors and mutations of proteins. This mode is suitable for the search
of proteins that are not present in the database. The homolog of the protein, however, must
be in the database.

This match mode is considerably slower than the other modes but still runs reasonably
fast. When the queries are batched, on average, the searches in the SwissProt database take
3 seconds per query sequence on a 3GHZ Pentium IV PC. One reason the search is fast is
the use of the S4 matrix and the limitation of∆ = 3 as described in Sections 5, 6.1, and
6.2.

7. Experiments

De novosequencing software PEAKS 2.016 was used to obtain144 sequence tags from
144 Ion Trap MS/MS spectra. The spectra were generously provided by Dr. Richard John-
son who is an author of Lutefisk28,29. Most of these spectra were obtained from proteins
ALBU BOVIN, MLE3 RATR, PHS2RABIT and OVAL CHICK. All these144 sequence
tags were searched individually against two database, SwissProt (146193 proteins) and
SwissProt human protein database (28926 proteins), using four match modes of SPIDER
and MS-BLAST, respectively. All these proteins are in SwissProt but not human database.
However, homologs of all the proteins can be found in the human database. As a result,
searching in SwissProt database can test the ability of peptide identification, and searching
in human database can test the ability of finding homologs. The numbers of successfully
identified peptides or homologs are shown in table 1.

When searching in SwissProt database, all target proteins are in the database. There-
fore, SPIDER segment match mode had the best performance since it does not impose any
limitation on the length of segments replacement errors. However, when search is done in
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the human database, the SPIDER homology match mode identified the greatest number of
homologs. Except for the exact match mode, all the other three match modes of SPIDER
perform better than MS-BLAST on the searches of both databases. Also, SPIDER found
most sequences that were found by MS-BLAST.

The following is one of several examples from our data, wherede novoerrors and
homology mutations occur at same positions.

Tag(X): CCQ[W ]DAEAC[AF]<NN><PG>K
Real(Y): ||| AD |A|A| FA VE GP |

Database(Z): CCK[AD]DKETC[FA]<EE><GK>K

In this example, a partially correct tagX = CCQWDAEACAFNNPGK is searched for in human
database, and a homologZ = CCKADDKETCFAEEGKK of the real peptideY was found.
It is noteworthy that the correct sequenceY was not known before the search, andY is
not in the database either. However, SPIDER constructed it correctly from bothX andZ,
except that theVE in Y can be alsoEV. We also note that there are bothde novoerrors
and mutations in the blocks surrounded by angle brackets. For this reason, the non-gapped
homology mode was not able to find this match.

Because all the proteins are known to be in SwissProt database, it is not surprising that
SPIDER segment search in SwissProt achieved the best performance, about 63% success
rate, in Table 1.b This rate is not higher mainly because the data quality produced by an
Iontrap MS/MS spectrometer are generally much lower than other MS/MS spectrometers
such as Q-Tof. Therefore, despite that PEAKS is considered to be the topde novosequenc-
ing software, many sequence tags it produced on this particular dataset contain too many
errors, and do not have enough information for the matching with the correct peptides. This
difficult dataset was selected deliberately to demonstrate the ability that SPIDER corrects
thede novosequencing errors.

8. Conclusion

De novosequencing using MS/MS data often produces sequence tags with errors. Using
the sequence tags with errors to search for the homologs of the real peptides in a database
is a very useful and challenging problem. We modeled this problem as the SPIDER’s align-
ment problem, and provided an efficient algorithm to find the optimal alignment. To further
speed up the search, a “simplified” model was developed and efficient algorithm was also
developed under this model. Finally, the SPIDER software was developed to implement
our algorithms and several heuristics for the best performance in different situations.

Our method not only can find the homologs using sequence tags, but also can “guess”
the real peptide sequences at the same time. Our method can be straightforwardly extended
to incorporate the post-translational modifications in the same manner of incorporating
homology mutations.

bWhen all target proteins are in the database, it is likely that software such as SEQUEST and Mascot, which
match uninterpreted spectra with peptides in the database, will give better results than SPIDER’s approach. The
first column of Table 1 is here for the comparison with MS-BLAST only.
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