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Abstract to find the peptides that matches the MS/MS spectra the
best [7, 21, 22, 30]. In this paper we call it the database
For the identification of novel proteins using MS/M®,  search approach. A number of software programs have been
novo sequencing software computes one or several possi-developed for performing such searching tasks, the most
ble amino acid sequences (called sequence tags) for eacthopular being Mascot and Sequest [7, 21]. The database
MS/MS spectrum. Those tags are then used to match, acsearch approach is effective when the sequences of the tar-
counting amino acid mutations, the sequences in a proteinget proteins are in the database. But it does not work when
database. If thele novosequencing gives correct tags, the the target proteins are not in the database.
homologs of the proteins can be identified by this approach  The second approach computes the amino acid se-
and software such as MS-BLAST is available for the match-quences of the peptides directly from their MS/MS
ing. However, de novo sequencing very often gives only par-spectra. Such a procedure is calldé novo sequenc-
tially correct tags. The most common error is that a seg- ing [4, 5, 6, 8, 11, 15, 16, 23, 27, 28]. Only after tde
ment of amino acids is replaced by another segment with ap-novo sequencing is done for each of the MS/MS spectra,
proximately the same masses. We developed a new efficieqhe obtained sequences (or partial sequences) of the pep-
algorithm to match sequence tags with errors to databasetiges are searched in a protein database to find the protein
sequences for the purpose of protein and peptide identifi-that matches [9, 24, 18]. To distinguish with the database
cation. A software package, SPIDER, was deVeIOped andsearch approach’ we call this approach dfmnovoap_
made available on Internet for free public use. This paper proach.De novoapproach has the advantage that it works
describes the a|goritth and features of the SPIDER Soft'we” for both known and novel proteins_ When the pro-
ware. teins are not in the database, becadsenovosequencing
can still provide the sequences of the peptides, a homol-

Keywords: protein identificationde novosequencing, 09y search program such as BLAST [2, 3] can be used

sequence tags, database search. to identify the homologs of those peptides, and there-
fore, the homologs of the target proteins.
1. Introduction The de novoapproach is gaining more and more atten-

tion, especially because tlie novosequencing software
Protein identification is a fundamental problem in Pro- is getting better and can compute much more accurate se-
teomics. Tandem mass spectrometry (MS/MS) is emerginggquences than ever before. As a matter of fact, even for pro-
as the standard method for this important protein identifi- teins that are in the database, researchers have recently re-
cation problem [1]. In the current practice of protein iden- ported that thele novoapproach provides better results than
tification by using MS/MS, purified proteins are digested the database search approach for the MS/MS data produced
into short peptides with enzymes like trypsin. Then, tan- with certain instruments [18, 24]. Also because of its capa-
dem mass spectra are measured for the peptides with a tarbility of handling novel proteins, thde novoapproach is a
dem mass spectrometer. Finally, the spectra are interpretestery promising method for protein identification.
by computer software to identify the amino acid sequences Thede nonoapproach needsde novosequencing soft-
of the peptides and proteins. ware program to compute the peptide sequences, and a sim-
Two approaches exist for the software to interpret the ilarity search software package to match the peptide se-
data. The first approach searches in a protein databasguences in a database. The former step has been widely
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studied recently [4, 5, 6, 8, 11, 15, 16, 23, 27, 28]. Both mon de novosequencing error is the replacement of one
commercial software, such as PEAKS [15], and free soft- sequence segment by another with similar mass [9]. Han,
ware, such as Lutefisk [27, 28] and those described inMa and Zhang [9] then proposed a simple method to match
[13, 8, 29], are available. But people are still using the gen- sequence tags with peptide sequences in the database, al-
eral homology search tools like BLAST for the second step. lowing the matching of similar-mass segments. A simple
These general tools are often not suitable for the match-scoring method, which is based on the number of match-
ing in our application. For example, the peptide sequencesing letters and segments, is defined in the same poster to
generated by the first step are usually short (10-20 aminomeasure the quality of the matches. When the correct pep-
acids), but the general homology search tools usually an-tide is in the database, the authors demonstrated that this
ticipate much longer query sequences. So, the parametersegment match method can help identify the correct pep-
of the homology search tools need to be adjusted. Threetide by searching the partially correct sequence tags in a
general purpose homology search programs, FASTA [19], database. They also proposed to combine homology muta-
Shotgun [20] and BLAST [2, 3], have been modified to tions with segment matches in order to identify proteins not
three sequence tag searching problems: FASTS [17], MS-in the database. The algorithms and the SPIDER program
Shotgun [12] and MS-BLAST [25]. discussed in this paper is the continuation of the research
But more importantly, thele novosequencing software  described in [9].
almost always produce peptide sequences with errors. This Recently, an OpenSea software package [24] was
is determined by the fact that biochemical experiments prought to our attention. OpenSea is developed by re-
for protein identification always contain errors, which in- search effort independent to ours. The software matches
clude the impurity of the sample, the chemical noise in the partially correct sequence tags with a database to iden-
MS/MS spectra, the imperfect ionization and fragmentation tify the homologous or modified proteins. It considered
of the peptides in the MS/MS spectrometer [15]. Td®  both de novo sequencing errors and homology muta-
novosequencing errors are also because the mathematicajons in its search. However, tlie novoerrors and homol-
models used byle novosequencing software are greatly ogy mutations are not allowed to occur at the same posi-
simplified in order to make the computational problem fea- tions. It further requires that nde novosequencing errors
sible. In this paper, we will ussequence tag® refer to  have length greater than three. Also, OpenSea uses a sim-
thosede novosequences that may contain errors. ple greedy algorithm to do the match, which may not find
According to our experience, in a typical match between the optimal alignment between the query and a database se-
a sequence tag with a homolog of the real peptide, morequence. We noticed that OpenSea does a partial func-
mismatched letters are causeddgynoveerrors than by ho-  tion, the “non-gapped homology match mode”, of SPIDER.
mology mutations. In such a circumstance, the mathemati-The research conducted in [24] also demonstrated that the
cal foundation that is used to build general homology searchde novoapproach is superior to the database search ap-
tools, such as BLAST, does not hold anymore. As a result, aproach for protein identification.

homology search tool that considering both homology mu- |+ is also possible to integrate the findings of se-

tations andle novasequencing errors is greatly desired. quence tags from MS/MS and the sequence tag search in
the database into one program. GutenTag [26] is a pro-
2. Related Work gram that implements a similar idea. GutenTag first pro-

duces some short pieces of tde novosequence. Then

The search programs, FASTS [17], MS-Shotgun [12], @ database is searched to find the matches of the pieces.
and MS-BLAST [25] that were modified from the general GutenTag scores the proteins according to five fac-
purpose homology search programs can take multiple sefors: a tag match, a mass gap match at either side of the
quence tags as their inputs and identify the homologoustag, and a tryptic-termini match on either side of the pep-
proteins. The main difference between these programs withtide. However, GutenTag does not consider homology mu-
their “parent” programs is the adjustment of parameters andtations or modifications. As a result, GutenTag is not
the simultaneous consideration of multiple sequence tags tcsuitable for the identification of unknown or modified pro-
improve the protein identification accuracy. However, none teins [24].
of them considers thde novosequencing errors. The er- In this paper, we present SPIDER’s methods to do se-
rors may increase the matching score of a wrong proteinquence tag searching. SPIDER’s approach takes into ac-
and also decrease the matching score of a correct proteingount of both homology mutations ade novasequencing
and therefore create false positives and negatives [24]. errors. Moreover, it allows the mutations and errors to occur

Because modlle novosequencing software determines at the same positions along the sequence. Also, the method
the amino acids by examining the mass differences be-we develop here can be straightforwardly used to identify
tween two peaks in an MS/MS spectrum, the most com- proteins with post-translational modifications [24]. An in-
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teresting bonus feature of SPIDER's algorithm is that it can
“guess” the most likely real sequence by combining the in-

formation of the partially correct sequence tag and the ho- Y-
Z:

molog of the real sequence.
The rest of the paper is organized as follows: Section 3

X:  [LSICFAV [LS]CFAV
[EA]JCFAV EACFAV [EAJCFAV
ETCF-V [ET]CF-V
(@) (b) (©

models the sequence tag search problem as a very special

alignment problem by introducing an “intermediate” real

sequence; Section 4 presents a dynamic programming al-

gorithm to find the optimal alignment; 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; Sec-

tion 7 gives the testing results on real sequence tags.

3. SPIDER’s Alignment Model

Figure 1. (a) The alignment between a de
novo sequence tag X and the real sequence
Y. Same-mass segment replacements are
allowed. (b) The alignment between a real
sequence Y and a database sequence

Substitutions and insertions/deletions are al-

lowed. (c) The alignment of the three se-
guences X,Y, Z constructed from (a) and (b).

Z.

When a sequence tag is aligned to a database sequence, )
two types of editing operations should be considered. Onecan be very dependable ta and usually is not a mono-

is the de novosequencing error, which replaces one seg-

tonic function. For completeness, if a letteris assigned

ment of letters by another segment with the same mass. Thé&orrectly by thede novosequencing software, we also as-
other is the homology mutations between the real sequencéociate it with a cosf*(a). Thede novosequencing cost,

and the database sequence.

Let X be the sequence tad;, be the real peptide se-
quence, 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 novosequencing er-
ror, and the difference betweén and Z is caused by ho-
mology mutations. We usg(X,Y) to denote the distance
function that measures ttge novosequencing error that
changesY to X, and usey(Y, Z) to denote the edit dis-
tance betweerY” and Z. Then, the SPIDER distance be-
tweenX and Z, denoted byi(X, Z), is naturally defined
byd(X,Z) = f(X,Y) + ¢g(Y, Z). Because we usually do
not know whaty” is, we define

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

In the following we will introduce a general way to de-
fine f(-,-) andg(-,-). The actual definitions used in SPI-
DER 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 definitiong of -)
andg('a )

When a segmenty with massm is replaced by a dif-
ferent segmenk, due tode novosequencing error, we as-
sociate it with a cosif’(m) > 0. Because any practical

f(X,Y) is then defined by the sum of costs of segment re-
placements and correct letter assignments betwéemd

For example, LetX = LSCFAV andY = EACFAV. Be-
cause we only consider replacements of segments with
same mass, and all masses of the amino acids (let-
ters) are known, the alignment in Figure 1(a) can be con-
structed easily. Then thée novosequencing cost is equal
to f/(218.1) + £*(C) + f*(F) + f*(A) + f*(V), where
218.1 &~ m(LS) =~ m(EA).

In order to defing(Y, Z), we only need to determine a
score matrix that measures the distance between each pair
of amino acids. Such a score matrix can be derived from the
BLOSUM matrices [10]. However, because closer amino
acids have smaller distance in our distance model, those ma-
trices need to be converted first. Let us only worry about the
conversion in Section 6.1. In this section, we simply assume
that we are given a distangg(a, b) for every two amino
acidse andb, and an insertion/deletion cogt,> 0. g(Y, Z)
is the edit distance betweén and Z under such a score
scheme.

Once the distance functions are defined, a sequence tag
search problem is then to find a peptide sequence from the
database, such that the SPIDER distance to the query se-
guence is minimized. This can be done by enumerating all

de novosequencing software has a reasonable success ratéhe database sequences and computing the SPIDER dis-
we do not anticipate to see many long segments being comtance. Therefore, the key to solve this problem is an effi-

puted wrongly. Also, whewm is larger, the number of differ-
ent segments with the same masss also larger, and there-
fore thede novosequencing software has a fewer chance
to output this specific segmeni,. For these two reasons,
f'(m) is generally greater for greates. However, f'(m)
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cient algorithm to computd(X, Z) for any givenX and
Z. Moreover, the core problem is to find this “intermedi-
ate” sequenc#’, for the following two reasons:

(1) OnceY is known, f(X,Y) andg(Y, Z) can be com-
puted relatively easily.
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(2) Y is likely the real peptide sequence, knowing that
its homolog isZ and ade novosequence software program
computes an partially correct sequence xag

That is, a(m, Z) denotes the minimum edit distance be-
tweenZ and a segment with mass. Becausen can be dif-
ferent fromm/(Z), the computation ofy(m, Z) is not triv-

Using the above discussed distance model, an optimalial. Lemmas 2 and 3 study the computation.

alignment of the three sequences, Y, and Z can be
constructed by merging the alignment @f,Y") and the
alignment of(Y, Z) (See Figure 1). In the alignment, the
columns involved in a single segment replacement is called
a block Similarly, if a letter ofY is correctly assigned in
X, we also call that columnlalock Therefore, in the align-
ment of Figure 1(c), there are five blocks. The first block is

Lemma 2
a(0,nil) = 0.
a(0,Zi.j]) = «0,Z[i..(j —1)]+g.
a(m,nil) = min, a(m —m(y),nil]) + g.

Proof. The first two equations are trivial. For the third

involved in a segment replacement and the other four blocksequation, lett” = Y;y be the optimal sequence that mini-

are all single-column blocks. THength of a blockis the
maximum length of theX and Z 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 that
d(X, Z) can be computed “block-wisely” as follows.

LetY be suchthaf (X,Y)+g4(Y, Z) is minimized. That
is,d(X,Z) = f(X,Y) + ¢g(Y,Z). In an alignment ofX,
Y andZ, let X;, Y;, andZ; be the segments of the three se-
quences in the-th block, respectively. Then

d(X,2) fX,Y) +9(Y, 2)

Zf(Xi,Yi) +Zg(nzi>

> (XY + 9(Yi, Zi)]

9

@)

The following lemma tells u¥; is optimal in each block.

Lemma 1 Y; is the sequence that minimiz¢éX;,Y;) +

g(Ys, Zy). le.d(X;, Zs) = f(X3,Ys) + (Y5, Zs).

Proof. If there is another sequenc®’ such that
FX YY) + g(Y]. Z) < f(X:.Y3) + g(Yi, Z:), replac-
ing Y; with Y/ in sequencd&” will decrease the value of (1),
which is a contradiction to the optimity af. |

Definition 1 SPIDER’s sequence alignment prob-
lem Given a sequence tagX and a database se-
quenceZ, compute a real sequengeand an alignment of
X,Y and Z, so that the cosf(X,Y) + ¢g(Y, Z) is mini-
mized.

4. Dynamic Programming for Optimal Align-
ment

In this section, we present a dynamic programming al-
gorithm to computel(X, Z). In order to compute(X, Z),
we first calculate another functiar(m, Z) which is defined
below.

Let Z be a segment and be a mass, define
min

Y. Z).
Y:m(Y):mg( ’ )

a(m,Z) =
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mizesa(m, nil). ThenY; is the optimal sequence that min-

imizesa(m — m(y), nil). |
Lemma 3
a(m, Z[i..j]) = min{
miny a(m —m(y), Z[i-.j]) + g,
a(m, Z[i..(j = D]) + g,
) ming (e(m —m(y), Z[i-.(j — D)) + 9'(y, Z[j]))
@)

Proof. LetY = Yjy be the optimal sequence that mini-
mizesa(m, Z[i..j]) and consider the optimal alignment be-
tweenY andZ[i..j], there are three casesis deleted 7]

is inserted, oy is aligned withZ[].

If y is deleted, then there is a cosgj, of delet-
ing y and Y, is the optimal sequence that minimizes
a(m — m(y),Z[i..j]). Therefore, a(m, Z[i..j])
a(m—m(y), Z[i..j])+g = minyg a(m—m(y), Z[i..j])+3.

If Z[j] is inserted, there is a cost insertitg;j] andY

G-1)).

is the optimal sequence that minimizegn, Z[s..
Thereforen(m, Zi..j]) = a(m, Z[i..(j — 1)]) +
If y is aligned with Z[j], there is a substitution cost
of ¢'(y, Z[j]) andY; is the optimal sequence that mini-
mizesa(m —m(y), Z[i..(j — 1)]). Thereforen(m, Z[i..j])
=a(m—m(y), Z[i..(j — D))+ g'(y, Z[j])- i
From Lemma 2 and Lemma 3y(m, Z[i..j]) for all
0 < m < M can be straightforwardly computed by a dy-
namic programming algorithm i@ (M x | Z|?) time. Here
we omit the details of the algorithm.
In the following, letD[i, j] = d(X[1..7], Z[1..5]) and
ml[i',i] = m(X][i'..i]). m[i’, i] can be pre-computed. Lem-
mas 4 and 5 study the computationofi, j].

Lemma 4

D[o,0] = 0.

DI[0,j] = D[0,j = 1] + 3.

DJi,0] = min{

D[i — 1,0l + g + f*(X[i]),
ming<;<;(D[i’ — 1,0] + a(m

}

[i',4], mil) + f'(m[i’,1]))

YF]',F.
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Proof. The first two equations are trivial. For the third
equation,Z has length 0. I1fX[i] is maintained inY” and
then deleted irZ, the costisD[i — 1, j] + g + f*(X[d]). If

a suffix X [i’, 7] is replaced by a mass gap[i’, ] in Y and
then deleted ir7, the costisD[i’ — 1, 0]+ a(ml[i’, 7], nil) +
f'(ml[i’,4]). All i’ satisfyingl < ¢’ < 4 should be tried to
minimize the cost. |
Lemma 5

DJi, j] = min{
D[i,j—1] +g,
D[i—1,j] + g+ f*(XTi]),
Dli — 1,7 = 1]+ ¢'(X[i], Z[5]) + f*(X[i]),
min<ir<i1<y<; (Dl —1,5" — 1]
, +a(ml[i',i], Z[j'..5]) + f'(m[i’,i]))

Proof. LetY be the sequence that minimiz&si, j|] and
consider the optimal alignments betweEf..i] andY and
Y andZ[1..j].

Suppose that in the alignment betwegnand Z[1..5],
Z1j] is inserted. Thert” is the sequence that minimizes
DJi,j — 1] and there is a insertion cost gf Therefore
Dli,j] = Dli,j — 1] + g, which is the first item in the
min operation.

Suppose that in the alignment betwekfi..i] andY =
Y1y, X[i] is maintained, i.e.X[i] = y. Then there is cost
of f*(X[i]). If in the alignment betwee™ = Y;y and
Z[1..4], y is deleted, then there is a cost of deletingg,
andY; is the sequence that minimizé¥i — 1, j]. There-
fore D[i, j] = D[i — 1, j] + g + f*(X[¢]), which is the sec-
ond item in the min operation.

If in the alignment betweenY = Yy and
Z[1..j], y is aligned with Z[j], then there is a
substitution cost ¢'(X[i], Z[j]) and Y; is the se-
quence that minimizesD[i — 1,j — 1]. Therefore
Dli,j) = Dli — 1,5 — 1] + ¢'(X[dl, Z[j]) + f*(X[i]).
which is the third item in the min operation.

Suppose that in the alignment betwegfl..i] andY =
Y1Ys, X[i'..7] is replaced byY; due tode novosequenc-
ing error, while in the alignment betweén and Z|1..j],
Y, is aligned with Z[;'..j]. In this case, the cost of re-
placing X [i’..i] with Y5 is f’(m]i,i]), the cost of align-
ing Y2 with Z[j'..j] is a(mli’, i], Z[4’..4]), and the cost be-
tweenX|[l..i’ — 1] and Z[1..;/ — 1] is D[i' — 1,5’ — 1].
ThereforeD[Z.,j} = minlgilgi,lgjlgj(D[i/ — l,j/ — 1] +
a(mli’,i], Z[j'..j]) + f (m[i,])), which is the fourth item
in the min operation. |

backtracking procedure can be used to construct the opti-
mal alignment betweeX andZ, as well as the optima”
suchthatl(X, Z) = f(X,Y) + g(Y, Z).

The above-discussed algorithm is a global alignment ver-
sion and one can easily extend it to a pattern matching ver-
sion where the goal is find a substringZfwhich has min-
imum distance toX.

Now IetD[Lj] = minlgjxgjﬂ d(X[lZ], Z[]/j]), the
formulas for computingD|[i, j] are exactly the same as be-
fore except the initialization which is list bellow.

Lemma 6

D[0,0] = 0.
DJo,j] = 0.
DJi, 0] = min{

Dli = 1,1+ g+ f*(X[i]),
miny<; <; (D[¢' — 1,0] + a(mli’, ], nil) + f'(m[',4]))

}

Without giving further detail, we claim that the algo-
rithms in this section can be modified to find local alignment
and gapped alignment. The algorithms can also be used un-
der many other score functions, as well as to find the align-
ment that maximizes a score function.

5. Improving the Efficiency

Although running in polynomial time, the algorithm in-
troduced in Section 4 is not practical, because the algorithm
needs to be used millions of times to align the query se-
guence 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 sf in (2).

As a result, we will try to “simplify” our model by using a
“bad-block” cost to approximate the functier{m, -) when

m is large. The reason we put quotation marks around “sim-
plify” is that the description of the model and algorithm be-
comes much more complicated, although the time complex-
ity is reduced.

We visually examined many sequence tags obtained by
de novosequencing and noticed that the segment replace-
ments 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 ob-
tained will be a good approximation to the optimal align-
ment. In general, leh be a positive integer. The blocks with

From Lemmas 4 and 5, a dynamic programming al- segment replacements of length greater thaare called
gorithm can be designed straightforwardly to compute all bad blocksIn contrast, all the other blocks are caligood

Dli, 7] in O(|X|? x | Z|?) time, providing thatv(m, Z[i..j])

blocks

has already been computed and stored by Lemma 2 and The costs of good blocks can be pre-computed by the dy-

3. Therefore, the computation af(-,-) and D[-, ] takes
O((IX|> + m(X)) x |Z|?) time in total. And a standard
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The S4-matrix contains all the valuesdifX, Z) forallseg- 6. Software Implementation

mentsX andZ of length at mosi. For each pair oX and

Z, the S4-matrix also records the intermediate segrirent In this section, we introduce the software SPI-

such thatl(X,2) = f(X,Y) +g(Y, Z). DER. SPIDER implements the algorithm in Sec-
To simplify the computation, the costs of bad blocks are tion 5, as well as some other heuristic algorithms.

only estimated. Suppose a bad block hdstters inX, and SPIDER is available on the Internet for free public use at

b letters inZ, the cost of the block is then defined byx http://proteome.sharcnet.ca:8080/spider.

min(a,b)+ 6 x |a—b|+~. Thatis,« is a mismatch costin a

bad block, and? is a insertion/deletion cost in a bad block, 6.1. The scoring functions and S4 matrix

and-~ is a bad-block open penalty. Usually we require that

a < 25. The parameters that determine the software’s behavior
Definition 2 SPIDER’s bad-block sequence alignment include

problem:  Let Sy be an S4-matrix. Let, 3 and~y be e Thede novocost functionf’(m) for a mass valuen,
three positive numbers. For any given two sequeicesd and f*(a) for a lettera.

Z, construct an alignment so that the sum of the good and

bad block costs is minimized e The homology score matriy (a,b) for two lettersa

andb, andg for the insertion/deletion cost.
In order to represent good blocks and bad blocks, two

matricesG and B are used. Let7[i, j] be the maximum * The good block length upper bourkd

score of the alignments betweéf(1..i] and Z[1..5] end- e The o (mismatch),5 (insertion/deletion), and (bad

ing at a good block; and([i, j] be the maximum score of block open) penalties in a bad block.

'g;e akl|gnment between([1..7] and Z[1..j] ending in a bad In SPIDER, we empirically assume that 80% of the let-
oc

ters can be correctly assigned by ttie novosequencing
software. LetP; = 0.8. Let f*(a) = —log, P;. Let S(m)
be the set of segments whose mass is approximately
Then the probability that thde novosequencing software
assigns a specifiwrong segment to fill that “mass gaph

can be approximated bVS%T;ﬁl We subtract one from

The recursive formulas for computiigandB are given
in (3 - 5). (3) initializes matricess and B, (4) computes
B, j] and (5) compute&|[s, j].

G[an] 0; G[Ovj] = 0; G[Z,O] =0;
B[0,0]=~; B[0,j]=7; B[i,0]=v+p. ® |S(m)| becauseS(m) also contains the correct sequence.
Then we defingf’(m) = ~logy @%. . .
Bli—1][j —1] +a, There are two special pairs of amino acids,, (
Bli —1][j] + 8, L) and K, Q), that are hard to distinguish by mass
. ) B[i][j — 1] + 8, spectrometry. The reason is thai(I) = m(L) and
Bli, j] = min Glic1l-1+a+y, @ mE ~ m(@). Also, m(A6) = m(Ga) = m(Q). As
Gli — 1][j] + B+, a result, it is easier for thele novo sequencing soft-
Glil[j — 1] + B+~ ware to make mistakes on these amino acids. SPIDER
slightly adjustedf* and f’ to reflect this fact, as fol-
E— lows: f*(1) = [(L) = —log(P/2); f*(K) =
T f Q) = 1og2<2P1/3> Fm(D) = —logy(P1/2);
i — 1+ 9, F(m(K)) = £(m(Q)) = — logy((1 — 2P1)/3).
Glilli -1 +9, g(a,b) is set to be— log,(Pr(alb)), where Pr(alb) is
- A<a! <i3j — A< <5 . L, (5) the probability that letteb is aligned with a lette in a pro-
, Gli' =1l = 1 + Sa(X[", ], Z[5", 1), tein alignmentPr(a|b) is derived from a BLOSUM9O0 [10]
T —A<if i35 - A<’ <j matrix as follows. LetPr(a) be the probability that a po-

Bli" = 1[j" — 1] + Su(X[¢", 4], Z[5', 5]) sition of a protein sequence is Pr(a) can be computed

by a simple statistics in a protein database. Bét, b] be
The proof of the correctnesses of those formulas arethe BLOSUM90 score betweem and b. From the defi-

omitted. Becausa is a constant, it take®(1) time to cal- ~ nhition of the BLO&%’}Q) matrix [10], we can derive that
culate (4) and (5) for a single pair ¢f, j). So, a dynamic ~ Bla,b] = —2log, 5,75 Therefore, we defing(a, b) =

programming can be designed straightforwardly to compute — log, Pr(alb) = —(Bla, b]/2 + log, Pr(a)). We also set
all G[i, j]andBJi, j] in O(| X|x|Z|) time. And a backtrack- g = 10 empirically.

ing can construct the optimal alignment, as well as the opti-  The S4 matrix is computed for all pairs of segments with
malY such thatl(X, Z) = f(X,Y) + ¢(Y, Z). lengths no greater thaft = 3. LargerA values may give
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better result but it also unfortunately increases the memory It further assumes that the target protein is in the

requirement for the S4-matrix exponentially. database. In this mode, users are also allowed to use a no-
The bad-block related costs are empirically sette 6, tation, fm], to specify a mass gap of value. The follow-
8=06,v=12. ing shows an alignment between a query tag with mass
gaps and a database match.
6.2. Techniques to Speed Up the Search Tag: [258.1]TLMEYLE[114.0]PK
Match: [EE  ]JTLMEYLE[N 1PK

The protein databases that SPIDER searches are usu-
ally large. For example, the release 42.12 (15-Mar-2004) of  |n such an alignmenty(EE) ~ 258.1 and m(N) ~
Swiss-Prot database contains 146193 proteins comprising[14.0. The mass gaps are often produced by sdmeovo
53888514 amino acids. As a result, it may take a long time sequencing software, e.g., Lutefisk, when it cannot confi-
to compare the query with every position in the database.dently determine a segment. Also, if the novesequenc-
Therefore, we implemented the “seeding” heuristics [2, 14] ing software such as PEAKS [15] outputs a confidence level
to screen out the likely-matching positions, which are then to each amino acid assignment, people can generate these
further compared. More specifically, we require the query mass gaps by turning the low-confidence letters to their
and the database entry to have three consecutive lettemass values [9, 24].
matches before they are further aligned by the algorithm  This mode runs very fast but requires high confidethee
in Section 5. The finding of the three letter matches can benovosequencing results.
done efficiently by first building an index table of all the 3-
mers of either query or database, then scanning through theegment Match Mode.
other sequence and retrieving the matches in the index ta-

ble. Once a Eit f]adt.hree_—letter '.’“atcr*]‘) Ir? fognq, we r?oda_” rors; however, assumes no homology mutations. In one of
exteljsmn to fOt . |r$ct|onf us:ng:.t € eur|s;|c metho hm our examples, th&le novosequencing software output a
“Sectlon 6.3. If a significant loca algn“ment is found by the wrong sequence ta§RPKWTPTLVMPSRIsing the seg-
non-gapped homology match mode”, we apply the algo- ment search, the correct sequenk¥PQVSTPTLVEVSR

fithm in Sec_tio_n Sto bu?ld a good a_Iignment. was found in the database. The alignment between the tag
The heuristics described above is what people usually doand the correct sequence is the following:

in general homology search tools. Our testing showed that
the heuristic also works well in SPIDER’s search. The speed Tag: [AR]PK[W ]JTPTLV[MP]SR
is greatly improved and the sensitivity of the search is not Match:  [KV]PQ[VS]TPTLV[EV]SR

sacrificed very much.

Segment match mode allows segment replacement er-

where mas#{R ~ massKV), mass(y ~ massv¥S), and
massiB =~ massEV). The difference betweenandq are
6.3. Other Match Modes usually discarded in this match mode, although users have

. . . the option to choose to distinguish them in SPIDER.
Our algorithm in Section 5 assumes both deenovase- So, there are 9 matched letters and 3 matched seg-

quencing error and the homology mutations. Moreover, thements. These numbers are used to define the score of

error and mutations can occur simultaneously in the Samey o match. Mass gaps are also allowed in our segment

block of the alignment. This is very sophisticated model. ¢o.n  Eor example, because miEsitmassh)+156.2
In practice, however, there are cases where the situation%md mésS'{Q:ZZS 3 ’the following alignment is a éeg-
are simpler. E.g., the target proteins may be in the database, ¢ o

therefore we need not to consider the mutations. Or peo-
ple are willing to use a simpler model to gain speed over Tag: [156.2A][225.3]VSTPTLVEVSR
search quality. In order to meet the different needs at differ- Match:  [KV 1IPQ JVSTPTLVEVSR
ent 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 SPI-
DER.

In this mode, we use the seeding heuristic to first find

hits. Once a hit is found, the algorithm extends both se-

guences to the same direction, starting from the hit. A “cur-
rent total mass” value is computed to recorded the total mass
Exact Match Mode. of the amino acids that have been extended in the corre-
) sponding sequence. The algorithm always extends one more

Exact match mode assumes tfe novosequencing re-  aming acids in the sequence with a smaller “current total

sult has no error, except that L and I, Q and K can be ex- mass” value. A block is formed whenever the two “current
changeablée

1 becausen(I) = m(L) andm(Q) = m(K).
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total mass” values are approximately equal. This procedure

can be done in linear time. And therefore, this modes runs SPIDER exact SWI;;PrOt Hulrgan
very fast. When the queries are batched, this mode, on aver- —sppER segment 90 36
age, searches the SwissProt database in no more than 1 sec- "sp|pER non-gapped homology 76 29
ond per query on a 3GHZ Pentium IV PC. This mode is SPIDER homology 78 52
very useful when the target protein is in the database. MS-BLAST 52 24

Non-gapped Homology Match Mode.

. ) Table 1. The comparison of SPIDER and MS-
In this match mode, we makes three assumptions: BLAST

(1) All the homology mutations are substitutions. I.e., no
insertion/deletion is allowed.

(2) Mutations anale novesequencing 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/. EXperiments
find a good alignment around a hit found by the seeding
heuristic. During the extension process, if a mismatch hap- De novo sequencing software PEAKS 2.0 [15] was
pens, a subroutine similar to our segment match mode isused to obtain144 sequence tags from44 lon Trap
called to find length< 3 segment matches between the se- MS/MS spectra. The spectra were generously pro-
guence tag and the database sequence. If this mass-baseitled by Dr. Richard Johnson who is an author of Lute-
match fails, we make the assumption that a substitution hap-isk [27, 28]. Most of these spectra were obtained from pro-
pened, and the BLOSUMS9O0 [10] score for the two amino teins ALBU.BOVIN, MLE3_RATR, PHS2RABIT and
acids at the current position is assigned to this substitution.OVAL _CHICK. All these144 sequence tags were searched
Then the extension is continued. We keep the local maxindividually against two database, SwissPrbt6193 pro-
scores for the extensions at both directions of the hit. The re-teins) and SwissProt human protein databa88926
gion that gives the highest local score will be recorded and proteins), using four match modes of SPIDER and MS-
output later. An example of alignment is shown as follow- BLAST, respectively. All these proteins are in SwissProt
ing. The square brackets indicate the same mass replacebut not human database. However, homologs of all the pro-

and the limitation ofA = 3 as discribed in Sections 5, 6.1,
and 6.2.

ments. teins can be found in the human database. As a result,
searching in SwissProt database can test the ability of pep-
Tag: CCQ[W ]DAEACIAF][NN][PG]K tide identification, and searching in human database can
I [l | test the ability of finding homologs. The numbers of suc-
Match: CCA[AD]DKEAC[FA][VE][GP]K cessfully identified peptides or homologs are shown in

This mode is almost as fast as the segment match modetable L
J " When searching in SwissProt database, all target proteins

Itis very useful when therg are only very fee novose- . are in the database. Therefore, SPIDER segment match
quencing errors and mutations. We also allow mass gaps in

the query of this mode. We note that this mode of SPIDER mode had the best performance since it does not impose

is very similar to the OpenSea software [24] developed by any limitation on the length .Of segments replacement er-
. rors. However, when search is done in the human database,
independent research effort.

the SPIDER homology match mode identified the great-
Homology Match Mode. est number of homologs. Except for the exact match mode,
all the other three match modes of SPIDER perform better

This is the mode we discussed in Sections 5, 6.1, andthan MS-BLAST on the searches of both databases. Also,

6.2. Homology search allows botte novosequencing er-  SPIDER found most sequences that were found by MS-

rors and mutations of proteins. This mode is suitable for the gL AST.

search of proteins that are not present in the database. The The following is one of several examples from our data,

homolog of the protein, however, must be in the database. \here de novoerrors and homology mutations occur at
This match mode is considerably slower than the other same positions.

modes but still runs reasonably fast. When the queries are

batched, on average, the searches in the SwissProt database Tag(X): CCQ[W ]DAEAC[AF]<NN><PG>K

take3 seconds per query sequence on a 3GHZ Pentium IV Real(Y): ||| AD |AJA] FA VE GP |

PC. One reason the search is fast is the use of the S4 matriDatabase(Z): CCK[AD]DKETC[FA]<EE><GK>K
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In this example, a partially correct tagX = with amino acid sequences in a protein databake¥m. Soc.

CCQWDAEACAFNNPGK is searched for in human database, Mass Spectronl994, § 976-989.

and a homolodZ = CCKADDKETCFAEEGKK of the real pep- [8] Fermandez-de-Coss, J.; Gonzalez, J.; Betancourt, L.; Be-

tide Y was found. It is noteworthy that the correct se- sada, V.; Padron, G.; Shimonishi, Y.; and Takao, T. "Auto-
guenceY” was not known before the search, dnds not in mated Interpretation of High-Energy Collision-Induced Dis-

the database either. However, SPIDER constructed it cor- ~ Sociation Spectra of Singly-Protonated Peptides by *Se-
rectly from both X and Z. We also note that there are gMS”, a Software Aid foiDe NovoSequencing by MS/MS”,

both de novoerrors and mutations in the blocks sur- Rapid Commun. Mass Spectrob998, 12 1867-1878.

rounded by angle brackets. For this reason, the non-gapped[g] Han,Y.; Ma, B.; and Zhang K. “G_apped Sequence Tag Query

homology mode was not able to find this match. for 'r_nprov'ng De Novosequencmg Re_su“s 2_003 ASMS_
Because all the proteins are known to be in SwissProt[lO] Hen'_k()ﬁ’ S.; and H.en'kOﬁ’ J.G. "Amino acid Su.bSt'tUt'on

database, it is not surprising that SPIDER segment search ngggcggqggnlgggqg locksRroc. Natl. Acad. Sci. U.S.A.

in SwissProt achieved the best performance, about 63% suc-ll] Hines’ WM. Falick AM_ Burlingame. AL and Gib-

cess rate, in Table 1. This rate is not higher mainly because[ L s o game, AL

h i son, B.W. “Pattern-based algorithm for peptide sequenc-
the data quality produced by an lontrap MS/MS spectrome- ing from tandem high energy collision-induced dissociation

ter are generally much lower than other MS/MS spectrom- mass spectraZ. Am. Sco. Mass. Spectroh992, 3 326-336.
e.ters such as Q-Tof. Therefore, despllte that PEAKS is CON-[12] Huang, L.; Jacob, R.J.; Pegg, S.C.-H.; Baldwin, M.A.; Wang,
sidered to be the tofle novosequencing software, many C.C.; Burlingame, A.L.; and Babbitt, P.C. “Functional As-
sequence tags it produced on this particular dataset con-  signment of the 20 S Proteasome from Trypanosoma bru-
tain too many errors, and do not have enough information cei Using Mass Spectrometry and New Bioinformatics Ap-
for the matching with the correct peptides. This difficult proaches”J. Biol. Chem2001, Vol. 276, Issue 328327-
dataset was selected deliberately to demonstrate the abil-  28339.

ity that SPIDER corrects thge novosequencing errors. [13] Lu, B.; and Chen, T. “A suboptimal algorithm fode

novopeptide sequencing via tandem mass spectrometry”,
Comp. Biology2003, 10 1-12.
[14] Ma, B.; Tromp, J.; and Li, M. “PatternHunter: faster and

This research was undertaken, in part, thanks to funding T8O(r36)’ jjgj%e homology searchBioinformatics 2002,
from NSERC, PREA, and the Canada Research Chairs Pro- '

. . L [15] Ma, B.; Zhang, K.; Lajoie, G.; Doherty-Kirby, A.; Hendrie,
glzasrsr};)EI\a/lltt’(rf]lz(iang;rBr:t.al\g/]l:en(g)flimisnrdessgaerg% Yu for their dis- C.; Liang, C., and Li, M. “PEAKS: powerful software for

peptidede novosequencing by MS/MS"Commun. Mass
Spectrom2003, 17(20)2337-2342.
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