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For the identification of novel proteins using MS/M& 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!. 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 tiegb&st!.
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
Sequest?2. 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 caltds novo sequenc-
ing 4:5:6:7:9,12,16,17,24,28,29 Oy 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 mat¢Aés 9. To distinguish with the data-
base search approach, we call this approachi¢heovoapproachDe novoapproach has

the advantage that it works well for both known and novel proteins. When the proteins are
not in the database, becauws®novasequencing can still provide the sequences of the pep-
tides, a homology search program such as BLASEan 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 becausie the
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 tlle novoapproach provides better results than the database
search approach for the MS/MS data produced with certain instrurtietits

The de novoapproach needs @ 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 reéénitiyy12:16,17,24,28,29 Both
commercial software, such as PEAKS and free software, such as Luteff§k® and those
described in other papet$®3°, 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, #ASTA
Shotgur?! and BLAST?3, have been modified to three sequence tag searching problems:
FASTS!®, MS-Shotgun'® and MS-BLAST?S.

But more importantly, thele 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 spectrometéfs The de novosequencing errors are also because
the mathematical models used dg novosequencing software are greatly simplified in
order to make the computational problem feasible. In this paper, we wilerggence tags
to refer to thos&le 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 causdd hgvcerrors 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 dmcovosequencing errors is
greatly desired.

2. Related Work

The search programs, FASTS, MS-Shotgun'?, and MS-BLAST?S 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 ttie 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 negafives

Because modde novosequencing software determines the amino acids by examining
the mass differences between pairs of peaks in an MS/MS spectrum, the most cdeamon
novosequencing error is the replacement of one sequence segment by another with similar
mass. In their postéf’, 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, Hah demonstrated that this segment
match method can help identify the correct peptides by searching the partially correct se-
guence tags in a database. In the same p&sténey 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 packayaas 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 nde 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 pagéralso demonstrated that tde 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. Gutéhikag program that imple-
ments a similar idea. GutenTag first produces some short pieces @ thevosequence.

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 proteids.

In this paper, we present SPIDER’s methods to do sequence tag searching. SPIDER’s
approach takes into account of both homology mutationsdendovosequencing 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 modificatior?§. 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-
guence; 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 te 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 X be our alphabet, i.e., all the amino acids. Détbe the sequence tal, be the
real peptide sequence, autibe Y’s homolog in a database. Very oftel, is slightly
different from bothX and Z. The difference betweeli and X is caused byde novo
sequencing error, and the difference betw&eand Z is caused by homology mutations.
We usef(X,Y) to denote the distance function that measuresdén@ovosequencing
error that change¥ to X, and use(Y, Z) to denote the edit distance betweérand Z.
Then, the SPIDER distance betweErandZ, denoted byl(X, Z), is naturally defined by
d(X,Z) = f(X,Y)+ ¢g(Y, Z). Because we usually do not know whats, we define

d(X,Z) = min(f(X,Y) + g(Y, 2)).

In the following we will introduce a general way to defiffi¢-, -) 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 of (-, -) andg(-, -).

When a segmerit; with massm is replaced by a different segmekit due tode novo
sequencing error, we associate it with a cfi§in) > 0. Because any practicde novo
sequencing software has a reasonable success rate, we do not anticipate to see many long
segments being computed wrongly. Also, wheris larger, the number of different seg-
ments with the same massis also larger, and therefore thde novasequencing software
has a smaller chance to output this specific segm@nt-or these two reasong,(m) is
generally greater for greatei. However,f’(m) can be very dependableto and usually
is not a monotonic function. For completeness, if a leiter assigned correctly by trae
novosequencing software, we also associate it with a £06t). Thede novosequencing
cost, f(X,Y) is then defined by the sum of costs of segment replacements and correct
letter assignments betweghandY .

For example, LefX = 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. Thedeh®vosequencing 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:  [EAJCFAV EACFAV [EAJCFAV
Z: ETCF-V [ET]CF-V
(a) (b) (c)

Fig. 1. (a) The alignment betweend® novosequence tag and the real sequendé. Same-mass segment
replacements are allowed. (b) The alignment between a real sedqvearma database sequeri£eSubstitutions
and insertions/deletions are allowed. (c) The alignment of the three sequ€én&&s” constructed from (a) and

().

Let ¢’(a, b) be the distance between two amino acidendb, andg > 0 be the inser-
tion/deletion costy(Y, Z) is defined to be the conventional edit distance betwéamdZ
under the scoring schem&a, b) andg.

Because our algorithm works generally on any reasonally defifiée), f*(a),
¢'(a,b) andg, 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 beti¥éert") 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 and Z. Moreover, the core problem is to find this
“intermediate” sequenckg, 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 amd ade
novo sequence software program computes an partially correct sequenke tag

Using the above discussed distance model, an optimal alignment of the three sequences,
X,Y,andZ can be constructed by merging the alignmentX®fY’) and the alignment of
(Y, Z) (See Figure 1). In the alignment, the columns involved in a single segment replace-
ment is called @lock Similarly, if a letter ofY is correctly assigned iX’, we also call
that column &lock 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. Thdength of a blocks the maximum length of th& 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 th&tX, Z) can be computed
“block-wisely” as follows.

LetY be such thaf (X,Y) + ¢g(Y, Z) is minimized. That isd(X, Z) = f(X,Y) +
9(Y,Z). In an alignment ofX, Y and Z, let X;, Y;, andZ; be the segments of the three
sequences in theth block, respectively. Then

d(X,2) = f(X,Y) +g(Y,2)
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_ Zf(Xi,Yi) +Zg(Yi»Zi)
_Z (X:,Y3) + 9(Yi, Z)]. @

The following lemma tells ug; is optimal in each block.

Lemma 1.Y; is the sequence that minimiz¢$X;,Y;) + g(Yi, Z;). l.e. d(X;, Z;) =

Proof. If there is another sequend€ such thatf(X;,Y/) + ¢(Y/, Z;) < f(X;,Y:) +
9(Y;, Z;), replacingY; with Y/ in sequenc&” will decrease the value of (1), which is a
contradiction to the optimity of". D

Definition 1. SPIDER'’s sequence alignment problem Given a sequence taf and a
database sequenge compute a real sequenteand an alignment oK, 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 conajjixie). In order
to computed(X, Z), we first calculate another functier(m, Z) which is defined below.
Let Z be a segment ang be a mass, define

a(m,Z) = Y:é?il/r)l:mg(Y, Z). (2
That is, a(m, Z) denotes the minimum edit distance betwe&érand a segment with
massm. Here we requiren(Y") to be exactly equal ton for the simplicity of presenta-
tion. In practice, it is easy to modify the algorithms described in this section to compute
miny.,, (v)~m 9(Y, Z). And therefore small mass errors are allowed in the same-mass seg-
ment replacement.

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

Lemma 2.

mingey, a(m —m(y), Z[i..j]) + g,
g 3)

a(m, Z[i..j)) = min { a(m, Z[i.. — 1)) +
maneg(a(m m(y),

Proof. LetY = Yjy be the optimal sequence that minimize@n, Z[i..j]) and consider
the optimal alignment betweeri and Z[i..j]. There are three cases: (A)s deleted (in-
sertion inZ), (B) Z[j] is deleted, or (C) is aligned withZ[j], as illustrated in Figure 2.
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m— m(y)% m(y) m m— m(y)% m(y)
EE— % |
Zli..j] Zlij—1  Z[j] Zli.j—1] Z[j]
(A) (B) (©)

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

If y is deleted, then there is a cogt,of deletingy andY; is the optimal sequence that
minimizesa(m —m(y), Z[i..j]). Thereforep(m, Z[i..j]) = a(m —m(y), Z[i..j]) +g =
min, a(m —m(y), Z[i..5]) + g.

If Z[j] is inserted, there is a cost insertitgjj] andY is the optimal sequence that
minimizesa(m, Z[i..(j — 1)]). Thereforen(m, Z[i..j]) = a(m, Z[i..(j — 1)]) + G-

If y is aligned withZ[j], there is a substitution cost 9f(y, Z[;]) andY; is the optimal
sequence that minimizes{m — m(y), Z[i..(j — 1)]). Thereforea(m, Z[i..j]) = a(m —
m(y), Z[i..(j — D))+ ¢' (4. Z1j)- O

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

Lemma 3.

a(0,nil)  =0.
(0, Z[i..j]) = (0, Z[i..(j — 1)] + §.
a(m,nil) = minges, a(m —m(y), nil]) + g.

Proof. The first two equations are trivial. For the third equation,Y¥et= Yy be the
optimal sequence that minimizegm, nil). ThenY; must be the optimal sequence that
minimizesa(m — m(y), nil). Consequently, the third equation holds. O

Let A be a table, whered[m,1, j] has valuea(m, Z[i..j]). From Lemma 3 and
Lemma 2,A can be straightforwardly computed by the following dynamic programming
algorithm inO(M x |Z|? x |%|) time, whereM = m/(X).
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Algorithm DP- «
Input: Two sequenceX andZ.
Output: Array A.
1. forifrom1to|Z|do
Al0,,i — 1] = 0.
2. fori <jdo
Al0,4,7] = A[0,i,§ — 1] + g.
3. form from 1tom(X) do
for i from 1to|Z| do
Alm,i,i — 1] = mingex, Ajm —m(y),i,7 —1]) + g.
4. form from 1toM do
for i from 1to|Z| do
for j fromito|Z| do
{ minges Alm —m(y), i, j] + g,
Alm,i,j] =min ¢ A[m,i,j —1]) + g,
mingex(Afm —m(y),i,j — 1] + ¢/ (y. Z[j])).

5. OutputA.

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

Lemma 4.

D[i—1,5]+ g+ f*(X[i]),

Dli — 1,5 — 1]+ ¢'(X[d], Z[5]) + f*(X[i]),

mini<ir<i1<j<;(D[i" = 1,5 = 1] + a(ml[i’,d], Z[5"..5]) + f'(m[, ]))

DJi, j] = min

Proof. LetY be the sequence that minimiz&4i, j] and consider the optimal alignments
betweenX[1..i] andY andY andZ[1..j]. LetY = Yjy. Four cases can happen as illus-
trated in Figure 3.

(A) Z[j] is deleted.

ThenY is the sequence that minimizési, j — 1] and there is a deletion cost 9f
ThereforeD]i, j| = D[i,j — 1] + g, which is the first item in the min operation.

(B) y = X[i] is notde noveerror, buty is deleted.

Then there is cost of* (X [¢]) associated withX [:] and a deletion cost gf associated
with y. Y7 is the sequence that minimizé¥: — 1, j]. ThereforeD[i, j] = D[i — 1,j] +
g+ f*(X[é]), 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 cagi{ X [¢], Z[j]) andY; is the sequence that minimizes
D[i— 1,5 —1]. ThereforeD[i, j] = D[ — 1,5 — 1] + ¢'(X[¢], Z[j]) + f*(X[i]), which is
the third item in the min operation.

(D) X[¢'..7] is a segment odle noveerror, which is aligned with segme#t;j’..j] in the
optimal alignment.
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. ¥ X[l..i—l]% X[4]
v v | y = X[i]
7 % 2[4 7
(A) (B)
x X[l..ifl]% XTi] x X[u’flw X[i..4]
v | y= X[ v | mli', ]
p Z[l..j—l]% Z[4] p Z[l..]’—l}% Z[4'..4]
© (D)

Fig. 3. The four cases for the alignmentX®f Y andZ: (A) Z[j] is deleted; (B)y = X|i] is notde novoerror,
buty is deleted; (Cy = X[i] is notde novoerror, andy aligned withZ[j]; and (D) X [i’..7] is a segment ofle
novoerror, which is aligned with segmegt;’..5] in the optimal alignment.

In this case, the cost of the noveerror is f'(m[i’, i]), the cost of aligning the suffix of
Y with massmn[i’, i with Z[j'..j] isa(m[i,i], Z[j'..j]), and the cost betweeX[1..i" — 1]
andZ[1..j/ —1]is D[i’ — 1,7’ — 1]. ThereforeD[i, j] = mini<y<;1<jr<; (D[’ — 1,5 —
1]+ a(mli', i, Z[j'..7]) + f'(m]i,4])), which is the fourth item in the min operation

Lemma 5.
DJ0,0] = 0.

i 01 = min 4 PlE— 10+ g+ F*(X[d]),
Pl {mmlgi/gw[z" “0.0] + alml, i) + 7 (mfi 1))

Proof. The first two equations are trivial. For the third equatignhas length 0. I1£X ]
is maintained inY” and then deleted iz, the cost isD[i — 1,j] + g + f*(X[i]). If a
suffix X[i’, 4] is replaced by a mass gap[i’,] in Y and then deleted ¥, the cost is
D[i’ — 1,0] + a(m]i’, 3], nil) + f'(m[i’,{]). All i/ satisfyingl < ¢’ < ¢ should be tried to
minimize the cost. O

From Lemmas 4 and 5, a dynamic programming algorithm can be designed straight-
forwardly to compute alD[i, j] in O(]X|? x |Z|?) time, providing thatv(m, Z[i..j]) has
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already been computed and stored by Algorithmd&Ptere we omit the details. Therefore,

the computation of(-, -) and D[, -] takesO((| X|?> + m(X)) x |Z|?) time in total. And

a standard backtracking procedure can be used to construct the optimal alignment between
X andZ, as well as the optimdl” such that!(X, Z) = f(X,Y) + g(Y, 2).

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 substriigwhich has minimum
distance taX, as follows.

Now let D[i,j] = mini<ji<jy1 d(X[1..2], Z[5"..5]), the formulas for computing
D[, j] are exactly the same as before except the initialization which is list bellow.

Lemma 6.
D[0,0] =0
D[0, 4] = 0.
. [ Dli—1,0+ g+ fH(X[i]),
Dli, 0] = min { ming <y <; (D[’ — 1,0] + a(ml[i’, i], nil) + f'(m[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 af in (3). As a result, we will try to “simplify” our model
by using a “bad-block” cost to approximate the functiefm,-) 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 obtainetktlnovosequencing 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 Aebe a positive integer.
The blocks with segment replacements of length greater thare calledbad blocksIn
contrast, all the other blocks are callgood blocks

The costs of good blocks can be pre-computed by the dynamic programming algorithm
in Section 4 and stored in®PIDER Segment Substitution Scoring matrix (S4-maffixg
S4-matrix contains all the values @fX, Z) for all segmentsX andZ of length at most
A. For each pair o andZ, the S4-matrix also records the intermediate segrifesiich
thatd(X,Z2) = f(X,Y) + ¢g(Y, 2).
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To simplify the computation, the costs of bad blocks are only estimated. Suppose a
bad block has: letters in X, andb letters inZ, the cost of the block is then defined by
a X min(a,b) +  x |a — b + ~. That is,« is a mismatch cost in a bad block, afd
is a insertion/deletion cost in a bad block, apé a bad-block open penalty. Usually we
require thatv < 20.

Definition 2. SPIDER’s bad-block sequence alignment problem Let .S, be an S4-
matrix. Leta, 8 and~ be three positive numbers. For any given two sequencesd 7,
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 matitesd B are used.
Let G[i, j] be the maximum score of the alignments betwég..;] and Z[1..5] ending
at a good block; and[i, j] be the maximum score of the alignment betwééi..i] and
Z[1..5] ending in a bad block.

The recursive formulas for computirtg and B are given in (4 - 6). (4) initializes ma-
tricesG and B, (5) computed3[i, j] and (6) compute&[i, j].

BI0,0] = ~; B0, ~; Bli,0] = v + 3 (4)
Bli —1][j — 1] + «,
Bli - 1][5] + 8,
. Bl -1+8,
Bll=ming Gl Zq -1+ a4, ®)
Gli =11 + B8+,
Glllj -1 +B+~
Gli —1][j] + 9,
7.1] = min G[Z][j_1]+g7
Gli,j] = ming_ a<iris-a<y<i (Gl — 7 =1+ Si(X [, 2157 4), &
min;—a<ir<iyj-a<y < (Bl = 1] = 1] + Sa(XT[¢', ], Z[5", j1))

The proofs of the correctness of those formulas are omitted. Becaissa constant, it
takesO(1) time to calculate (5) and (6) for a single pair(@f;). So, a dynamic program-
ming can be designed straightforwardly to computesddl j] and B[i, j] in O(| X| x |Z])
time. And a backtracking can construct the optimal alignment, as well as the opfimal
suchthati(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

e Thede novocost functionf’(m) for a mass valuen, and f*(a) for a lettera.

e The homology score matriy' (a, b) for two lettersa andb, andg for the inser-
tion/deletion cost.

e The good block length upper bour

e The o (mismatch),5 (insertion/deletion), ang (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. Lét, = 0.8. Let f*(a) = —log, P;. Let S(m) be
the set of segments whose mass is approximatel§ (m) can be computed by dynamic
programming using the following recursive definitidiym) = > .5, S(m —m(a)). The
probability that thede novosequencing software assigns a spedifiong segment to fill
that “mass gapin can be approximated %- We subtract one front(m)| because
S(m) also contains the correct sequence. Then we d¢fine) = — log, ﬁ.

There are two special pairs of amino acids, I{) and K, Q), that are hard to distin-
guish by mass spectrometry. The reason is thét) = m(L) andm(X) ~ m(Q). Also,
m(AG) = m(GA) = m(Q). As a result, it is easier for thée novosequencing software to
make mistakes on these amino acids. SPIDER slightly adjysteahd f’ to reflect this
fact, as follows:f*(I) = f*(L) = —log,(P1/2); f*(K) = f*(Q) = —logy(2P1/3);
F/(m(I)) = —logy(P1/2); f'(m(K)) = f/(m(Q)) = —logy((1— 2P1)/3).

g(a,b) is set to be—log,(Pr(a|b)), wherePr(a|b) is the probability that letteb is
aligned with a lettew in a protein alignmentPr(a|b) is derived from a BLOSUM90'!
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 databasd3[ueb] be the
BLOSUMOO score betweanandb. From the definition of the BLOSUM matri¥ , we can
derive thatBla,b] = —2log, PTT(‘(IJZ’;). Therefore, we defing(a,b) = —log, Pr(alb) =

—(Bla, b]/2 + log, Pr(a)). WePaIso sef = 10 empirically.

The S4 matrix is computed for all pairs of segments with lengths no greateftkas.
Larger A 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 sette 6, 5 = 6,y = 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” heutistits

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
guery 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 ttieenovosequencing 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 tiee novosequencing result has no error, except that L
and |, Q and K can be exchangeable.

It further assumes that the target protein is in the database. In this mode, users are also
allowed to use a notationy{], to specify a mass gap of value. 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  JTLMEYLE[N  ]PK

In such an alignmentp(EE) ~ 258.1 andm(N) ~ 114.0. The mass gaps are often
produced by somde novosequencing software, e.g., Lutefisk, when it cannot confidently
determine a segment. Also, if tide novosequencing software such as PEAKSutputs
a confidence level to each amino acid assignment, people can generate these mass gaps by
turning the low-confidence letters to their mass vah{es.

This mode runs very fast but requires high confidethe@ovosequencing results.

Segment Match Mode.

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

apecausen(I) = m(L) andm(Q) ~ m(X).
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KVPQVSTPTLVEVSRvas found in the database. The alignment between the tag and the
correct sequence is the following:

Tag: [AR]JPK[W ]TPTLV[MP]SR
Match:  [KV]PQIVSITPTLV[EV]SR

where mas#R ~ masskV), mass(y ~ massyS), and mas¥IP ~ massgV). The dif-
ference betweek 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 magé{)=massf)+156.2 and masBQ=225.3, the following alignment is a
segment match:

Tag:  [156.2A][225.3]VSTPTLVEVSR
Match: [KV ~ J[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 andle novaosequencing 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 leagthsegment
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 BLOSUM®&6re
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: CCQIW ]DAEACIAF]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

I i |
Match:  CCA[AD]DKEAC[FA]JIVE][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
software?® 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 novasequencing 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 &f = 3 as described in Sections 5, 6.1, and
6.2.

7. Experiments

De novosequencing software PEAKS 2!0 was used to obtaiii44 sequence tags from
144 lon Trap MS/MS spectra. The spectra were generously provided by Dr. Richard John-
son who is an author of Lutefisk-2%. 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, SwissPigit9¢ proteins) and
SwissProt human protein databa88926 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, widenovoerrors and
homology mutations occur at same positions.

Tag(X): CCQ[W ]DAEAC[AF]<NN><PG>K
Real(Y): ||| AD |AJA] FA VE GP |
Database(Z): CCK[AD]DKETC[FAJ<EE><GK>K

In this example, a partially correct ta& = CCQWDAEACAFNNPGK is searched for in human
database, and a homoldg = CCKADDKETCFAEEGKK of the real peptid&é” was found.

It is noteworthy that the correct sequencewas not known before the search, arids

not in the database either. However, SPIDER constructed it correctly from‘batid 7,

except that th&/E in Y can be alsd&V. We also note that there are bath 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 1P This rate is not higher mainly because the data quality produced by an
lontrap MS/MS spectrometer are generally much lower than other MS/MS spectrometers
such as Q-Tof. Therefore, despite that PEAKS is considered to be thie topvcsequenc-
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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