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Abstract

Mass Spectrometry is the tool of choice for Proteomics, with applications to peptide sequencing, protein
structure prediction, protein-protein interactions, and many others. Continued improvements in instrumen-
tation and computational technologies will only help accelerate this trend. A short overview of algorithms
for interpreting mass spectrometry (MS) data is provided. This overview is not intended as an introduction
to the technology itself or to proteomics. Instead, an abstract overview of MS data is presented in order to
describe key algorithmic ideas required for its interpretation. Three proteomic applications are considered:
protein identification, protein interactions, and differential analysis of protein expression.
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Introduction

Computation occupies a central role in the interpretation of high throughput biological data, and Proteomics
is no exception. It can also be argued that mass spectrometry is now the tool of choice for proteomics, with
applications to peptide sequencing, protein structure prediction, protein-protein interactions, (relative) protein
expression, and many others. Continued improvements in instrumentation and computational technologies will
only help accelerate this trend. Indeed, the chemistry Nobel prize in 2002 was awarded for the development
of protein ionization methods in mass spectrometry. While rewarding individual accomplishments, the awards
were also a recognition of the immense potential of this field.

In this overview, we summarize algorithms for interpreting mass spectrometry (MS) data. This short overview
is not intended an introduction to the technology itself or to proteomics (see for example [27, 31]). Instead, we will
provide an abstract overview of MS data in order to describe key algorithmic ideas required for its interpretation.
Due to space limitations, we will concentrate on three applications: protein identification, protein interactions,
and differential analysis of protein expression.

MS technology

The mass spectrometer is a device that measures the mass (actually, the mass to charge ratio) of an ionized
molecule. Its key components are a source for sample introduction and ionization (typically MALDI (Matrix
Assisted Laser Desorption Ionization) or ESI (ElectroSpray Ionization), and a mass analyzer for measuring
the mass (e.g. Ion Trap, TOF (time of flight), Quadrupole, and Fourier transform (FT MS)). The conceptual
question one might ask is the following: how can a device that essentially measures mass be used in diverse
applications like protein sequencing, expression and structure?

To answer this, one must note that while these devices are conceptually simple, they now offer extremely high
mass accuracy and resolving power. Various protocols can be used to obtain a set of characteristic masses that
would be diagnostic for a protein. In Peptide Mass Fingerprinting (PMF), the protein is enzymatically digested,
and the peptide masses are recorded using a single mass spectrometric measurement (MS). Every protein will
have a characteristic set of digested peptides, and correspondingly, peptide masses. For more complex mixtures
this procedure is not sufficient and instead multiple stages of mass spectrometry are applied (Tandem MS
(MS/MS) or MSn).

In tandem mass spectrometry, the peptides (from an enzymatically digested protein mixture) are ionized
with one or more units of charge, as in single stage MS, and a specific peptide is chosen for fragmentation by
collision-induced dissociation (CID). Fragments retaining the ionizing charge after CID have their mass-charge
ratio measured in a second stage of mass spectrometry. Since peptides typically break a peptide-bond when they
fragment by CID, the resulting spectrum contains information about the constituent amino-acids of the peptide.

The fragmentation of the peptide in CID is a stochastic process governed by the physiochemical properties of
the peptide and the energy of collision. The charged fragment can be inferred by the position of the broken bond
and the side retaining the charge. In figure 1(b), the N-terminal a1, b1, c1 fragment ions, and the C-terminal
xn−1, yn−1, and zn−1 fragment ions are shown. While a, b, y represent the commonly occurring fragments, a
high energy collision often results in other fragments, including internal fragments formed by breakage at two
points, fragments formed by breaks in side-chains, and neutral molecule losses from fragments, including H2O,
and NH3. One or more of these fragments retain the charge unit(s), and their mass-charge ratio is registered.
Figure 1(c) shows the single charge being retained by yn−1. In a single experiment, many charged fragments
are formed by CID of multiple copies of the same peptide. The aggregate of the mass-charge ratios detected is
called the MS/MS spectrum. A cartoon MS/MS spectrum for the peptide SGFLEEDK is shown in Figure 2. It
helps illustrate how the MS/MS spectrum can be used to determine the sequence of amino-acids of a peptide.
Note that the difference in mass-charge ratio of the adjacent singly-charged y-ions, y5, and y6 is exactly the
mass of the residue F . The algorithmic challenge is to use the MS/MS data in the presence of noise, incomplete
fragmentation, and mixed prefix, suffix, and internal ions, to provide unambiguous identification.

Protein Identification

MS/MS might not be necessary if a relatively simple mixture of proteins is being analyzed. Instead, PMF can
be used with every protein containing a characteristic set of peptide masses. Two problems complicate this
simple picture. First, only a small fraction of the peptides are typically ionized and detected by MS. Second,
the observed peptides are sometimes from multiple (2 − 10) dominant proteins in the mixture. These issues
are partially resolved using a Bayesian probabilistic model that assigns a likelihood of a protein sequence given
a spectrum of peptide masses [24]. The protein with the highest likelihood is then reported. In order to deal
with multiple proteins, the process is repeated after ’removing’ the peaks that matched the first protein. For
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Figure 1: (a) The structure of an amino-acid. (b) An ionized peptide. (c) y
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Figure 2: MS/MS spectrum for peptide SGFLEEDK.

many proteomic applications with complex mixtures of proteins, single stage MS is gradually being supplanted
by tandem, and higher order mass spectrometry as the more reliable method for protein sequencing.

The core of most of the software programs for analyzing tandem MS data contain an implementation of
the following three modules: interpretation, filtering and scoring. In the interpretation module, the input
is an MS/MS spectrum, and the output is an interpreted-spectrum containing meta-information that can be
reliably inferred from the spectrum. It may include parent peptide mass, partial or complete sequence tags, and
combinations of sequence tags and molecular masses. The filtering module takes the interpreted-spectrum and a
peptide sequence database as input, and filters out most of the peptides, leaving a small list of candidate-peptides
that might have generated the MS/MS spectrum. Finally, the scoring module takes the list of candidate-peptides
MS/MS spectrum as input, and returns a ranking of the candidate-peptides along with a score and possibly a
p-value (probability that the score was achieved by random chance). If significant, the highest scoring peptide
is the correct interpretation. As the peptide sequences have relatively low redundancy, the identification of the
sequence of one or two peptides is usually sufficient to identify the protein. Certainly, scoring is the key module
and is under active research [1, 13, 14, 28]. However, most existing toolkits use some aspects of all three modules.
With an increase in the size of databases, and growing interest in post-translational modifications, algorithms
for interpretation and filtering are coming to the fore.

De novo Interpretation

We take a general view by defining interpretation to be any sequence information gleaned from an analysis of the
spectrum. The class of de-novo sequencing algorithms attempt to reconstruct the entire peptide sequence via
interpretation, without the use of a peptide database. (See for example [2, 3, 6, 9, 10, 18, 30]). To understand how
this is done, consider the simple case when all observed fragments are b-type prefix ions. If all the fragment ions
were present, then the sequence could be read simply by reading the ladder of increasing masses, and assigning
residues to mass differences between adjacent peaks. The complexity comes from the fact that (a) there are
multiple fragment ion types, including internal ions and different charge states (b) the prefix ions cannot a priori
be separated from the suffix ions, and (c) not all positions along the peptide chain fragment.

A key algorithmic idea that deals with mixed prefix and suffix ions is the prefix residue graph, first described
in Dancik et al. [9], but implicit in [3, 30]. If we knew the ion type for a spectral peak, it would uniquely
define the residue mass of a prefix (PRM) of the peptide. Thus for all possible interpretations of a peak, a node
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labeled with the PRM value is added to the graph and an directed edge is drawn from node u to node v if
PRM[v]−PRM[u] corresponds to a residue mass (adjacent fragments), or if it is close to 0 (identical fragments).
Each edge is labeled with the ε, or the appropriate amino acid. Thus any path in this graph corresponds to a de
novo sequence interpretation simply by concatenating the non-ε edge labels. A multitude of paths are possible,
and scoring and ranking these paths is critical to correct interpretation. One argument against this approach
is that a peak may be used multiple times in a path with different interpretations. Resolving this problem in a
general scenario is equivalent to constructing paths where certain pairs of nodes are forbidden, which is known to
be computationally hard [16]. However, Chen et al. [6] made the observation that the forbidden suffix-prefix pairs
for tandem MS are non-intersecting. This observation allowed them to give a dynamic programming solution
for finding paths with forbidden pairs. Bafna and Edwards [2] extended this approach to include multiple ion
types (a, b, y, and all the neutral losses) in the interpretation. While pure de novo sequencing of spectra has seen
many improvements, tandem mass spectra usually do not have enough information to make an unambiguous
identification. Searching a database of candidate peptides (as described in the next section) constrains the
possibilities enough to make such identification possible. However, de novo interpretation is still useful in some
situations. It can be used to generate sequence tags which can then be used as additional filters to improve
database search [22, 29, 30], especially for modified peptides. Also, for pure proteins whose sequence is not yet
available in databases, a de novo shotgun sequencing of overlapping peptides obtained via multiple enzymatic
digestion holds promise [21].

Scoring spectra against peptides

When the protein sequence of interest is present in a database, one can interpret an MS/MS spectrum by
computing the correlation between the spectrum and a hypothetical spectrum of each peptide. The so-called
database searching algorithms [1, 14, 15, 22, 25, 28] rely on this technique for interpretation, and have been
extremely successful. Sequest [14] is the prototypic database search method. It presents a model for generation
of hypothetical spectra, and a correlation function for scoring. If the spectrum is of poor quality, there is
no guarantee that the top scoring peptide is the correct interpretation. Subsequent algorithms [1, 21, 24]
therefore included a p-value along with the raw score to give a probability of that score arising from a randomly
chosen peptide. Further improvements in scoring have come from an analysis of the physico-chemical rules of
fragmentation, such as “neutral losses are more likely in the presence of acidic or basic residues”, and “proline
directed fragmentation”. The algorithm in Scope [1] presents a model for quantifying these rules as probabilities,
and efficient scoring with the probability functions. Recent work is directed towards data-mining and learning
techniques to optimize a score function, as well as the use of intensity values in scoring [13].

Filtering

The goal of filtering is to scan a database of peptide candidates and quickly filter out the vast majority of
them while retaining the true peptides for detailed scoring. While most algorithms include simple filters typified
by parent mass, immonium ions, matching peaks, this topic was not actively researched until recently. With
exponential growth in the number of spectra and sequence databases, this is only now beginning to see active
research. Pre-indexing sequence databases is useful in removing redundant peptide information and efficient
search for candidates. One approach to indexing is the use of suffix trees [12, 19]. Other approaches include the
use of sequence tags as filters in a database search [22, 29, 30].

Differential analysis of protein mixtures

Differential analysis of proteome expression levels has been developing rapidly over the last years. The cur-
rent standard separation technique in proteomics is undoubtedly gel electrophoresis, which is typically used
together with mass spectrometry for identification of the proteins separated on the gel. While this technique
is well-established and in use in most major proteomics facilities, it has disadvantages in the context of high
throughput settings. In particular the difficult handling of the gels prompted several proteomics facilities (mostly
in commercial settings [11], but also in academia [20, 26]) to use HPLC/MS-based techniques instead. In these
approaches the liquid-chromatographic separation in an HPLC column replaces the separation on the gel. In
contrast to gels, HPLC systems allow for direct coupling to a mass spectrometer, thus greatly simplifying au-
tomation of the whole analytical process. In the shotgun approach the proteins are usually fully digested in
order to simplify and unify sample preparation. The combined use of the complementary expression techniques
(mRNA expression, gel-based MS, and HPLC based MS) will yield further progress in diagnostics and systems
biology.

The analysis of HPLC/MS data for differential analysis of protein expression poses many challenging compu-
tational problems. Note that measuring protein expression is generally difficult using MS techniques. Different
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peptides have different capacity to retain charge, and so peptides with identical concentration might show up
with very different intensities in the spectrum. However, the relative intensity of peaks for the same peptide
is predictive of relative expression of that peptide in different samples. To use this fact in differential analysis,
consider the output of an HPLC/MS run. As the peptides elute off the column, MS spectra are acquired in real
time. The data can be represented as a 2 dimensional spectrogram, or map, with the two dimensions being LC
Retention time (RT), and M/Z. As a peptide typically elutes over a fixed time span, and has a fixed M/Z, a ’spot’
on this map corresponds to the elution of a peptide. The intensity of the spectra provide a third dimension.
Two maps from different samples (normal and diseased) will have similar spots corresponding to the commonly
expressed peptides, and spots of differential intensity corresponding to proteins whose expression levels have
changed. Geometric matching algorithms are used to match the similar spots, and their intensities are used
for normalization, sometimes with internal standards. Once this is done, the relative intensities of differentially
expressed peptides can be computed. This basic idea can be made to be statistically robust by choosing multiple
samples from both categories. This is analogous to the use of 2D gels for separation with important differences.
It is the peptides, not proteins, that are being separated. As the retention time and mass measurements are
typically accurate, the reproducibility of maps is much higher than 2D gels. Algorithms for creating and compar-
ing various 2D maps, and for computing relative intensities of a few thousand differentially expressed peptides
have been used to successfully identify differentially expressed peptides in tumor cells [11]. The key components
of these algorithms include the de-convolution of peaks from different but overlapping peptides, and creation,
normalization and comparison of multiple maps to identify differential expression.

An alternative approach uses some type of differential mass labeling of the two samples to provide uniform
experimental conditions. The two samples are labeled differently, e.g. by introducing stable isotopes like 15N,
2H, 13C, or 15O into the proteins of one of the samples [23, 4]. Other approaches are mass-coded abundance tags
(MCAT [5]) and isotope-coded affinity tags (ICAT, [17]), where the mass difference is introduced by derivatisation
of specific amino acid residues. The samples are than mixed and subjected to HPLC/MS. In the resulting
maps, each peptide should occur in paired ’spots’ which are very similar in Retention Time, and have a mass
offset that corresponds exactly to the differential mass of the labeling tags. This simplifies the computation
somewhat as comparison of two LC/MS maps is not required. For statistical robustness, one might still need
to perform multiple such experiments and compare maps in order to identify differentially expressed peptides
unambiguously [11].

Protein structure: Cross-linking

MS technologies are clearly impacting protein identification and quantification. Can we also use them for
protein structure determination? X-ray crystallography and NMR remain the dominant techniques in this field,
but much work remains to be done. These techniques require large amounts of pure analyte, and even if this
is available it can take many months until the structure is determined. On the other hand, it is theoretically
possible to determine the tertiary structure of a protein computationally, given enough interatomic distance
information [8]. Even partial information often proves to be helpful. To acquire this distance information the
mass of cross-linked peptides can be measured [32] and using this information the sequence of the cross-linked
complex can be determined. Cross-linking is a method in which certain molecules are used to specifically link
two peptides. The identification of cross-linked peptides in a folded molecule then provide constraints on the
spatial distance of the peptides in a folded state. One approach to identifying cross-linked peptides, is simply to
find all pairs of peptides whose mass sum (plus the mass of the linker) equals the mass of the parent cross-linked
molecules. Among these, a peptide pair is chosen whose theoretical spectrum best correlates with the measured
spectrum( [7]). These additional constraints can be used to improve tertiary structure prediction.

Conclusion

We conclude by reiterating that Mass spectrometric techniques are key to Proteomic explorations, and computa-
tional algorithms for analyzing MS data are crucial to further development of this technology. Mass spectrometry
is a dynamic and evolving field and it is likely that many of the data sets and applications described here will
be outdated in the coming years. Nevertheless, it is our hope that the basic understanding of MS principles and
key algorithmic components will continue to be useful for future proteomic applications of mass spectrometry.
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