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We describe computational methods to solve the problem of iden-proteomic studies. Pinpointing biological targets of human
tifying novel proteins from tandem mass spectrometry (tandem MSdiseases for subsequent intervention by pharmaceuticals
or MS/MS) data and introduce new approaches that will give more ;2 japly requires the identification of unknown proteins,

accurate solutions. These new approaches integrate chemical in- d f | . tioation into th hani
formation and knowledge into a graph-theoretic framework. Two as does, for example, an investigation into the mechanisms

sources of chemical information that we investigate are mass tag- that microbial pathogens use to infect human cells.

ging and dissociation chemistry in the tandem MS processiitself. We ~ An important breakthrough tool for proteomic studies
describe machine learning techniques that are used to classify peakshas been protein identification by mass spectrometry (MS)
according to ion types based on known dissociation chemistry. We [4] because the method is suitable to perform sequence

describe the algorithms that are implemented in a software code deduction based I | | titi Thi
called PepSUMS. Using PepSUMS, we give results on the effective- eduction based on very small molecuiar guantities. IS

ness of the new methods on the ultimate goal of improved proteinhas been achieved, in part, by improvements in ionization,
identification. separation, and other experimental techniques. However,

Keywords—€omputational biology, de novo sequencing, dis- the_ attglnment of a hlgh-throughput genomewide 'de_nt'f"
sociation chemistry, machine learning, mass spectrometry (MS), cation is lacking computational methods to systematically
PepSUMS, peptide sequencing, protein identification, proteomics, interpret the data. The primary information coming from
tandem mass spectrometry (tandem MS or MS/MS). these mass analysis techniques is the protein sequence and
its post-translational modifications. There are two methods
of determining the sequence of proteins. The first is an
N ] ) _approach that correlates known proteins (from a sequence

Although large quantities of deoxyribonucleic acid gatapase) with the measured MS spectrum [5]. The second
(DNA) have been sequenced, cataloged, and annotated, Wes 4 de novointerpretation of the data that is capable of se-
have come to the realization that this information is not gyencing unknown (novel) proteins and their modifications.
sufficient to infer biological function. Informatic advances The statistical methods for the database lookup approach
in decoding genomic sequences have not progressed enoughre well in hand, and this method is widely used in practice.
to accurately predict protein products from genomic data [1], However, this approach is obviously limited, because it
[2]. Moreove'r, modifications of proteins after transcription finds only matches with already sequenced proteins. It
and translation cannot be deduced from gene sequencecan pe used, for example, to determine the composition of
These modifications add chemical state to the basic pmte'”commorproteins. However, new highly sensitive separation
sequence and are crucial to activation of function and to cell techniques will increasingly allow for improved capture
_signaling.. In addition, proteins form complexes and_interact and measurement of low-abundance proteins, and these
in complicated networks [3]. As a result, proteomics, the gre |ikely to be novel. These recent technology advances
large-scale analysis of proteins, is a growing research areamotivate new complementary computational methods to
and will be crucial to our understanding in the postgenomic analyze the MS data. A biologist who attempts to discover
era. Unambiguous protein identification forms the basis of the pasic sequence of mew protein and/or its current

modification state based on MS data neddsnovorather
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Fig. 1. Construction of spectrum graph.

tandem mass spectrometer is capable of ionizing a mixture ofshown some progress with graph-theoretical approaches
peptides and measuring their respective parent mass/chargfs]; and a Web-available implementation (SEQMS) has
ratios, recursively dissociating each peptide into more frag- been described [8]. However, recent work by us comparing
ments and subsequently measuring the mass/charge ratios ahethods indicates that the solution quality does not differ
these ionized fragments [tandem mass spectrometry (tandensignificantly among these techniques. The problem lies
MS; also known as MS/MS)]. In an ideal fragmentation not in the choice of basic algorithmic approach but in
process with an ideal instrument, the sequence of a peptidethe identification and classification of mass peaks in the
could be determined by matching the mass difference of two spectrum. This aspect of the problem has not been the
consecutive ions with the mass of an amino acid. This ideal focus of previous work but is the key to an automated,
experiment would require that an instance of each peptide high-throughputde novocomputational interpretation. In
be cleaved into two pieces exactly at the bond of two amino the next section, we lay the framework for understanding
acids, that a single charge is deposited consistently on thewhy and the research approach that we are taking. We
same terminus of the peptide, and that instances of all thesedo employ a graph-theoretical organization, but our main
partial peptides exist and are measured. research results affecting ion identification can be employed
In reality, fragmentation processes are far from ideal, and in any of the basic algorithmic approaches.
de novprotein sequencing remains an open yet crucial ques- ) o
tion for high-throughput protein identification. In this paper, A- Graph-Theoretical Organization
we describe the major issues that must be addressed and a In a graph-theoretical approach, spectral peaks are trans-
new approach that combines novel applications of machineformed to a directed acyclic graph (spectrum graph).
learning technigques with chemical information that can make  The vertices of the graph correspond to mass peaks in the
a difference in solving these issues. spectral data where the mass valuegis) is the sum of the
component amino acids (residues) for a partial peptide, and
the relative intensity is the axis value. Two partial peptide
masses are connected with an edge if their mass difference
Dancik et al. [6] have characterized previous attempts corresponds to an amino acid. The edge is labeled with the
to developde novoalgorithms for solving the sequencing residue and assigned a weight that is a function of, for ex-
problem as employing either global or local search ample, the intensity of the peaks. The edgdiiectedbe-
paradigms [6]. A global approach involves the generation cause the peptide sequence must be ordered from the pro-
of all amino acid sequences and the calculation of all tein’s N terminus to its C terminus, which is customary con-
theoretically possible fragment masses for each sequencevention. Post-translation modifications can be accounted for
The goal is to find a sequence with the best match betweenby expanding the dictionary of amino acids to include the
the theoretical and experimental spectra. Different pruning modification states. A spectrusi of a peptideP is called
methods were used to limit the exponential growth of completeif S contains at least one ion for every fragmen-
sequences with peptide length. These global methods haveation of P [6]. Given a complete spectrunde novose-
largely been abandoned because pruning methods frequentlyuencing is thus cast as a problem of finding the longest path
discarded the solution and MS data were used afilr the in a directed acyclic graph. It is important to realize that the
theoretical sequences were generated. mass measurement of a spectral peak is not directly the par-
Local approaches tend to be more efficient becausetial peptide mass, but rather an ion of the partial peptide.
they use spectral datbefore any candidate sequence is It is necessary to convert the ion mass into the partial pep-
evaluated. Different local strategies have employed branchtide mass during the construction of the spectrum graph (see
and bound, dynamic programming, and graph-theoretical Fig. 1).
algorithms. Most recently, a group at Harvard Medical Inthe simplest (but mostprobable) model, where a peptide
Center has reported on a dynamic programming approachcan be cleaved only at a single amide bond (a partial peptide),
[7]; a pharmaceutical and university consortium have two peaks resulting from the two partial peptides (one an N

Il. BACKGROUND AND NEW APPROACH

LUBECK et al. NEW COMPUTATIONAL APPROACHES FORE NOVOPEPTIDE SEQUENCING FROM MS/MS EXPERIMENTS 1869



terminal, the other a C terminal ion) typically appear in the precise determination that gives the ion’s terminus would
spectrumS. However, a mass pegk,, in S could correspond  eliminate about half of the vertices. In this paper, we investi-
to either an N terminush(ion) or C terminus iony ion). gate the effect of two methods that integrate chemical infor-
Constructing the spectrum graph requires that the verticesmation about the ions: 1) mass tagging of amino acids with
represent masses corresponding to the same terminus. Thetable isotopes; and 2) machine learning techniques that cap-
mass difference between a C terminus ion and an N terminusture ion correlation information occurring in the dissociation
ion could match an amino acid, resulting in thiésing of chemistry.
an improper edge into the spectrum graph. Construction of a The first method requires additional experimental proto-
correct spectrum graph requires a classification of the masscols; the second uses information that already exists in the
peaks into their respective ion types. Assuming that ion iden- tandem MS data. We have developed a software implementa-
tification is possibley ions can be converted into théiion tion called PepSUMS that contains knod® novanethods,
equivalents, because the total mass of the peptide is known.and have extended it to include the new approaches that are

We have considered only the simplest model for peptide described in this paper. The Appendix contains a description
dissociation—breaks at a single amide bond. In practice, of the software. We apply the methods in PepSUMS to data
many different types of ions are present owing to several from a Finnegan LCQ Deca ion-trap mass spectrometer.
complications to the simple model that we have been
considering.

1) Breaks can occur at bonds internal to an amino acid.

2) Multiple amide bond breaks can occur for a single pep- A Mass Tagging—Discriminating Between N Terminus
tide. and C Terminus lons

IIl. THE IMPACT OF INTEGRATING CHEMICAL INFORMATION

3) Afterdissociation, ions can interact chemically to form Stable isotope labeling adds an isotopic “mass tag” to each
secondary ions—for exampleb&n can lose acarbon  labeled peptide at specified amino acids. In this investigation,

monoxide molecule to form amion. deuterium is substituted for hydrogen at the forth and fifth
4) Mixture of ion types is instrument and protocol depen- carbon atom position in lysine, causing a four-Dalton (Da)
dent. mass change of the peptide. The cells are 50% labeled—nat-

Each of these ions can be characterized by an integerural lysine and deuterium-enriched lysine were at the same
valued;, such thatp; + d; gives the partial peptide mass concentration in the minimal media. Lysine residues are lo-
corresponding to spectral peak. This mass becomes a cated at the C terminal sites of proteolytic peptides, for many
vertex in the spectrum graph. Because of the considerationsbut not all proteolytic cleavages such as trypsin, and Lys-C
previously listed, there is a sdd = {di, ds, ..., d,} digestions. This will introduce a 4-Da split pattern into the
of ion types. The most common ion types for an ion-trap lysine-containing peptides (see Fig. 2).
mass spectrometer have been observed and identified We have 18 pairs of labeled and unlabeled MS spectra.
elsewhere [6]. For example, high-occurrence N terminal The experimental conditions under which these were ob-
ions includeb, a, b—H>O, and b—NH3; corresponding to  tained have been reported previously. A 4-Da mass shift
the setD = {-1, 27, 17, 16}. Current graph-theoretical ~ with respect to the corresponding unlabeled counterpart
methods construct the spectrum graph by creatingrtices was observed for each fragment peak originating from
corresponding to each of possible ion types for each the lysd,-labeled parent peptide, indicating the presence
in S, p; + dj, 5 = 1, n. The number of ion types that must of a lysine residue in these fragments. PepSUMS was
be considered is typically0 < n < 20. Since the same extended to include a differential analysis of the pairs of
partial peptide can create multiple ions, some vertices canlabeled/unlabeled spectra. Any peak above background in
be expected to align, and are consequently merged into onethe unlabeled data is attempted to be matched with peaks
Edge weights are calculated and longest path algorithms areof similar intensity at+4 Da in the labeled data. Those that
employed to find the highest ranking path in the spectrum match are designated C terminus; those for which there is
graph. definitely no signal at+4 Da are designated N terminus.

The major problem with these current approaches is that, Others which are ambiguous are left undesignated.
in addition to the noise in the experimental data, computa- Tables 1 and 2 show the effect of incorporating mass tag-
tional noise is generated during the construction process. Ofging data into PepSUMS. Table 1 shows the percentage of
then vertices created in the spectrum graph for each peak forthe 18 peptides whose correct protein sequences are ranked
each feasible ion type, only one of these vertices correspondsoy PepSUMS in the top one, five, ten, etc., of the candidate
to the correct partial peptide mass while- 1 vertices are sequences with and without the introduction of mass tag-
spurious. Edge weight scoring schemes are employed onlyging. PepSUMS is twice as effective in ranking the correct
afterthe spurious vertices are introduced and after an expo-sequence at the top with the incorporation of mass tagging
nential number of candidate paths is created from them. Theinformation.
major contribution of this paper is to introduce a different  Another metric to consider is the ladder distance [6] be-
approach that reduces the number of candidate vertices andween the correct peptide sequence and the top ranked se-
paths by discriminating among and predicting ion typesr guence from PepSUMS. Table 2 shows these results. The
to scoring. For example, a precise prediction of the ion type ladder distance between two sequences is the number of dif-
of a spectral peak would introduce only one vertex. A less ferences (larger than a tolerance of 1.5 Da) in their partial
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Fig. 2. Mass split pattern of 50% lysine-labeled peptides (upper 50% labeled, bottom unlabeled).

Table 1
Sequence Rank

We take hundreds of tandem MS measured from known
sequences, and label each significant pga&s ab or y ion

Tagged Un 1 (unlabeled if neither). We construct a feature vector (profile)
1 73 16 for each instance that contains correlation information of data
5 18 38 in the vicinity of p;. This feature vector contains chemical in-
10 44 38 formation that can discriminate between ion types. Based on
50 fil 44 known dissociation chemistry, we expect, for example, that
100 f1 50 the presence of two mass peaks differing by the mass of a CO
1000 61 55 molecule will be indicative of &ion/a ion pair. However, the
100000 | 66 i same dissociation will not happen fgions. This difference

Table 2
Ladder Distance

Tagged Untagged
33 16

rationalizes thak ions andy ions could have distinguishable
feature vectors, which point to different directionsrirdi-
mensional space. Although we have discussed only the cor-
relation ofb ions with a ions for the sake of brevity, there
are many other ions that are present because of the dissoci-

2 33 27 ation chemistry. Each of these ions would be represented in
2 14 27 the feature vector.
2 44 27 After es.tablishing feature vectors for both ions, two
1 4 h primarily different approaches are applied to separate these
ions inn-dimensional space, namely, unsupervised learning
3 50 27 (clustering) and supervised learning (classification). The
6 50 27 goal of clustering is to group together objects with similar
; 22 gg properties. This can also be viewed as the reduction of

the dimensionality or complexity of the system. The goal
of supervised learning is to construct classifiers, using

sums. A ladder distance of zero is an exact match, and, fortechniques such as linear discriminants, decision trees, or
example, the sequences NDFEK and GGDFEK have aladdersupport vector machines, which assign predefined classes to
distance of one because the residues GG have the same massgiven ion profile—in our caseé,or y ions. (See Fig. 3.)

as N. Table 2 shows that the top ranked sequence is sig-

Clustering and classification methods can have inaccura-

nificantly closer to the correct one with mass tagging than cies, and a subset of the ion types will be correctly predicted.

without.

B. lon Clustering and Classification—Integration Into the

Spectrum Graph

The details of the machine learning algorithms are a sub-
problem, and will be reported elsewhere. In this paper, we
report on the larger picture—the effect that ion prediction
accuracy ultimately has on protein identification. To assess

We seek to develop an algorithm that will classify a mass this effect, we use our graph-theoretickd novosoftware,

peak in the spectrurfi according to its ion type. We consider
three classes:ion, y ion, and other. We do this by estimating
the probability of ion typesh(andy) for each pealp; in S.

PepSUMS, to analyze data from known proteins where we
incorporate varying levels of prediction accuracy into the
spectrum graph construction. For each of 46 MS/MS peptide

The process consists of two steps. First, we establish profilesdatasets, peaks are labeled @s y ions. We then randomly

of b andy ions based on tandem MS khownsequences.

pick a subset of the labeled peaks as being “predicted” accu-

Then we use the established profile to classify the peaks ofrately. All other peaks are treated as unknown.

a tandem MS fronunknownsequences into their respective

The percentage of predicted peaks varies from 0 (no ion

ion classes. Fig. 2 shows how this process is accomplished. type prediction) to 100 (evetyand/ory ion is classified cor-
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Fig. 3. Clustering and classifyingh” ion and “y” ions using machine learning approaches.

Table 3
Impact of B andY” lon Prediction

Table 4
Impact ofY" lon Prediction

100 75 50 25| 0

1 54 60 45 38 1D 1 39 37 34 2610
5 67 64 63 52 17 5 54 53 49 41[17
10 7168 68 57 23 10 5656 56 46| 23
50 7876 75 66 32 50 63 64 63 5532
100 78 78 76 63 34

100 63 67 65 59| 34
1000 76 73 B9 66|43
100000 | 89 87 84 79|67

1000 g6 83 80 73 43
100000 [ 86 86 86 80 67

rectly). Results are summarized below in Tables 3 and 4. Sep-out that a relatively low number of predicted ion types can
arate cases of onlyion prediction and both andy ion pre- have a large impact on sequence accuracy. Note that a limit is
diction are depicted. Tables 3 and 4 show the percentage ofreached where about 85% of the peptides can be sequenced
the 46 peptides whose correct protein sequences are rankedt all in the case of complete knowledge of ion types. The
in the top one, five, ten, etc., by PepSUMS. For example, remaining 15% do not have enough data to construct a com-
in Tables 3 and 4, one can see that if no prediction schemeplete spectrum graph.

is used, the correct peptide sequence is identified as the top As in the mass tagging results, we show ladder distances
candidate in only 10% of the cases and ranks in the top five in Tables 5 and 6. The results show the large gain in sequence
in only 17% of the cases. Table 3 shows that if a conservative accuracy for a relatively small number of ion predictions.
25% of theb andy ions were predicted, this would have an About 37% of all the peptide cases can be sequenced cor-
almost fourfold increase in the number of correctly identi- rectly if we can classify 25% of the andy ions. This is a

fied peptide sequences. This is a significant result and pointsfactor of four over no classification.
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Table 5 only a specified number of largest abundance peaks. The pos-
1 e 1 1 . . - .
Ladder DistanceZ andY” lon Prediction sibly inaccurate parent mass read from the file is corrected

00|75 [s50 25] 0 using a combinatorial algorithm that maximizes the number
0 54 |s51]45 37|10 of peaks in common between the original spectrum and its
1 58 [55]|51 43[15 complement [6]. It then builds a spectrum graph in which the
2 73 |74|69 6523 vertices are the masses of the peptide fragments, obtained by
3 73 [75]71 69136 adding the masses of ion types produced by the mass spec-
4 76 178176 73|32 trometer to each large peak in the spectrum. If mass tagging
5 76 178179 76|32 is used, vertices are created only for ion types of the correct
g gi 2: gg 2; gg terminus. If ion prediction is used, a vertex is created only
S 54 |24 |24 34|54 for the correct ion type. Boost Graph Library data structures
and graph algorithms are used for the spectrum graph [10].
Table 6 \_/ertices with similar masses are me_r_ged gn_til no tWO ver-
Ladder DistanceY” lon Prediction tices are closer in mass than a specified minimum distance.
Edges are created between two vertices whose mass differ-
100 75 50/2510 ence, or the mass difference between any two peaks in the
2 ig 3; g; gg :_E, merged v.ertic_es' (“bridge” edges) is equgl to the mass of an
265 60 6050 23 amino ac_|d, W|th|_n tolerance. The graph (if not toq Iarge_) can
3165 63 6315626 be visualized using AT&T Graphviz. Each edge is assigned
4| 69 67 6363] 32 a weight by subtracting the sum of the probabilities of all ab-
s | 78 75 76|60 | 32 sent ions for the target vertex of the edge from the sum of
6 84 84 827543 the probabilities of all present ions. If this result is positive,
7| 8 86 837850 it is multiplied by the total abundance; if negative, it is di-
8| 8 86 84|80 |54 vided by the total abundance. The ion probabilities are deter-
mined from mass spectrometry spectra of known sequences.
IV. SUMMARY , DISCUSSION FUTURE WORK The weight is greatly increased for an edge that connects to

) ) the parent mass with an arginine or lysine, since correct se-

It is clear that currende novosequencing methods can  gyences of trypsin-digested peptides should end with one of
benefit from the integration of additional chemical knowl-  {hege residues. If ion prediction is being used, edges leading
edge into the algorithms. We have investigated two ways (4 4 vertex that includes a predicted peak are also greatly in-
that this can be accomplished and the effect that this ad-reased in weight to ensure that the correct path accounts for
ditional information will have on the ultimate goal of pro- this fragment mass. The program outputs a requested number
ducing an automated high-throughput sequencing capability of |ongest paths from the vertex with zero mass to the vertex
using tandem MS. In the case of mass tagging, the informa-yith the total mass of the peptide, using Eppstelnshortest
tion is gotten with additional “hard” experimental evidence. paths algorithm and the Bellman—Ford algorithm [11]. The

In the case of ion type classification, the information is al- ¢candidate solution sequences are the set of amino acids cor-
ready present in the MS spectrum in the form of peak corre- responding to the edges along these paths.

lation, but further computational analysis is needed. We ap-
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