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Abstract

Mass spectrometry is an analytical technique for determining the composition of a sample. Recently it has

become a primary tool for protein identification and quantification, and post translational modification characterization in
proteomics research. Both the size and the complexity of the data produced by this experimental technique impose great
computational challenges in the data analysis. This article reviews some of these challenges and serves as an entry point for

those who want to study the area in general.

Keywords

1 Introduction

Proteins play the most important role in disease
pathways. Modern pharmaceutical researches heavily
rely on the identification, quantification and charac-
terization of the proteins in a given sample. Mass
spectrometry is an analytical technique that reveals
the composition information of a sample by measuring
the mass values (in fact, mass to charge ratio) of the
molecules in it. Nowadays, mass spectrometry has be-
come the standard technique for protein identification,
quantification and characterization in proteomics. Mul-
tiple international mass spectrometry instrument ven-
dors exist, and new types of mass spectrometers appear
on the market every couple of years. The mass spec-
trometry hardware is much more advanced than it was
a decade ago. On one hand, the new instruments pro-
duce more accurate data than before, which supposedly
make the data analysis easier. On the other hand, they
have much higher throughput and produce much larger
data size; and newly invented experimental methods re-
quire new data analysis algorithms. These all impose
challenges to the data analyses.

Perhaps the largest challenge comes from the new
demands periodically raised by the proteomics re-
searchers. In earlier days, researchers used to use mass
spectrometry to identify a single purified protein. To-
day, a single 2D-LC MS/MS experiment is used to iden-
tify all proteins in the whole proteome of an organism!!.

mass spectrometry, proteomics, bioinformatics

On top of that, researchers would also like to know
the quantities of the proteins/?. Even if the research
focuses on a few purified proteins, earlier researchers
were satisfied by knowing which proteins they are,
whereas today’s researchers want the complete protein
sequencesl® | including all the post-translational modi-
fications (PTM)[*?]. These new demands require new
developments in both experimental and computational
methods, and constantly provide fruitful research prob-
lems to bioinformatics researchers.

Depending on the purposes, there are different wet
lab experimental settings and data analysis methods.
This article reviews some of these methods and the re-
lated computational problems. Throughout this article,
we try to highlight the computational challenges by list-
ing them as C1~C36. This list is not meant to be com-
plete but provides some interesting research problems
for those who just started working in this area. Unlike
some other areas in bioinformatics and computational
biology, the mathematical models for these problems
are often not well defined. Researchers in this area tend
to model these biological problems in their own ways,
and a right model to the problem is equally important
to a good algorithm that finds the solution under the
model. For this reason, we deliberately avoid giving
a definite mathematical model for any challenge listed
in the article. Rather, the right mathematical model
should be regarded as a part of the challenge. For chal-
lenges listed in the paper, we also try to give a few
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references. These references are selected to be represen-
tative rather than comprehensive. They serve as good
starting point if a reader is interested in reading more
about a particular problem.

The rest of the article is organized as follows. In
Section 2 we briefly introduce the mass spectrometers
and their limitations. This should help the readers to
understand the subtle difficulties in the data analysis,
and particularly the errors in the data. In Section 3 we
review several applications of mass spectrometry in pro-
teomics and their computational challenges. We note
that some challenges reviewed in an earlier application
may also occur in a latter application. Thus, readers
will see significantly more challenges listed in the first
application than others. In Section 4 we study a few
research problems that are commonly needed in several
different applications introduced in Section 3. Improv-
ing the performance of any of these research problems
will help multiple applications. Section 5 concludes the

paper.
2 Mass Spectrometry Instruments

This section gives a brief introduction to the mass
spectrometry instruments. The introduction focuses on
the limitation of the technology, the diversity of the in-
struments, and the errors in the data. Readers will
find that these factors are real concerns in the design of
an experiment and the development of the data analy-
sis method. For a more thorough introduction on the
mass spectrometry technology, readers are referred to
textbooks such as [6].
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2.1 Mass Spectrometers

A mass spectrometer does not measure the mass of
a molecule directly. Rather, the molecules are ionized
and the mass to charge (m/z) ratios of the ions (charged
molecules) are measured. But very often the charge
states of an ion can be determined by examining the
isotope ions, and thus the mass value of an ion can
be derived from m/z. A mass spectrometer typically
contains three components: the ionizer, the mass ana-
lyzer, and the detector. A bunch of molecules are first
ionized with the ionizer; then the ions are separated in
the mass analyzer according to their m/z; finally the
ions are detected by the detector and the m/z of the
detected ions are calculated and stored in a computer.
Each type of ions with the same m/z will form a peak
in the resulting data (called a mass spectrum). Fig.1(a)
shows an example. The intensity of a peak indicates the
ion counts detected by the detector at the m/z, which
is related to the abundance of the corresponding type
of molecules in the original sample. However, because
different molecules have different ionization efficiencies,
the abundances of two different molecules cannot be
compared solely by their peak intensities.

The primary function of a mass spectrometer is to
measure the m/z and intensities of many ions simul-
taneously. This very basic function has been exploited
by instrument developers and biochemistry researchers
to perform many different tasks in proteomics. Before
reviewing the computational challenges in this field, it
is necessary to first examine a few limitations of mass
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Fig.1. (a) Exemplary mass spectrum. (b) Zooming in a peak shows more details. In particular, each peak spans a width on the m/z

direction.
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spectrometers. As we will see later, these limitations
heavily affect the experiment design and drastically in-
crease the complexity of the data analysis.

The first limitation is that the m/z values measured
by a mass spectrometer have small errors. Due to the
measurement variation, each peak spans a width in the
m/z direction (Fig.1(b)). The width of the peak af-
fects the resolution of the instrument, since two ad-
jacent peaks may become indistinguishable when they
overlap each other. Before any data analysis is done, a
process of “centroiding’ is often needed to assign each
peak a single m/z value, which is usually the centroid
of the peak shape. Many publicly available data are
already centroided so they often do not show the peak
shape as seen in Fig.1(b). Centroiding is not a tri-
vial process because of the possible overlaps of adja-
cent peaks. The m/z of the centroided peak may still
have a small error compared to the real m/z of the ion.
Different mass spectrometers have different mass error
tolerances. The mass error tolerance is one of the most
important parameters in the data analysis.

Secondly, each instrument setting has a limited de-
tection range of m/z values. Only ions that fall in this
range can be measured. For example, a typical ion trap
instrument has a significant low m/z cut-off. Ions below
the cut-off m/z value will not form peaks in the spec-
trum. But a time-of-flight (TOF) instrument does not
have this significant low mass cut-off. Some mass spec-
trometers can be configured to have a rather large m/z
range with the price of reduced resolution and mass ac-
curacy. The m/z range used for proteomics analysis
is typically from below 100 Da to a few thousand Da.
This mass range enables an optimized combination of
sensitivity, resolution and accuracy. Because of this
limitation, a protein is not usually analyzed directly
due to its large size. Instead, it is enzymatically di-
gested into peptides that fall into this preferred m/z
ranges. Then each peptide is measured and analyzed
separately before their information is put together to

characterize the protein. This approach is called the
bottom-up analysis.

The third limitation is that not all molecules in the
sample are measured with the same efficiency. Due
to the reasons, such as charge competition!’!, some
molecules may produce much lower intensity peaks than
other molecules with the same abundance in the sam-
ple. In many cases, the peaks of some molecules may
become indistinguishable from noise peaks in the spec-
trum, causing the absence of the expected signal peaks.
The missing of peaks greatly increases the complexity
of data analysis and is the largest obstacle in the devel-
opment of data analysis algorithms.

2.2 Tandem Mass Spectrometers

A tandem mass spectrometer has two mass analyz-
ers (or two sequential analyses in the same analyzer).
The first analyzer selects ions at a certain m/z window
(usually a very small window so that only copies of
the same ion are selected). This is called the precursor
ion or the parent ion. Then the ion is fragmented into
fragment ions by some fragmentation methods. And fi-
nally the fragment ions are measured as usual to form a
tandem mass spectrum (or MS/MS spectrum). Fig.2(a)
illustrates the possible fragmentation sites of a peptide.
For example, when the fragmentation occurs at the
peptide bond (between C and N atoms), the left com-
ponent forms a b-ion and the right component forms
a y-ion. The subscript k of the y; ion indicates the
number of residues in the fragment. Fig.2(b) shows
an annotated MS/MS spectrum. Because amino acid
residues have different mass values (except for Leucine
and Isoleucine), the m/z values of the fragment ions
can be used to identify peptides.

In proteomics, the tandem mass spectrometry ana-
lysis provides much more information about a peptide
than the mass spectrometry analysis. Thus, most of to-
day’s proteomics analyses are done with MS/MS. And
most new mass spectrometers on the market support
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Fig.2. (a) Fragmentation of a four-residue peptide in MS/MS. The fragmentation can happen at each bond on the peptide backbone,
resulting in different fragment ion types. (b) Annotated CID MS/MS spectrum of a peptide GLPYPQR. CID produces mostly y and

b ions.



the MS/MS function. For this reason, unless otherwise
specified, we use mass spectrometry (or mass spectrom-
eter) to also refer to the tandem mass spectrometry (or
tandem mass spectrometer) in the rest of this article.

2.3 Mass Spectrometer Configurations

Each of the three aforementioned components (the
ionizer, the mass analyzer and the detector) of a mass
spectrometer can be made with different technologies,
causing different properties of the data. In proteomics
MS/MS data analysis, one cares mostly about the ioni-
zer type, the mass analyzer type, and the peptide frag-
mentation method.

Two types of ionizers are commonly used in pro-
teomics. These are MALDI (matrix-assisted laser des-
orption/ionization) and ESI (electrospray ionization).
The main difference is that MALDI produces singly
charged ions (z = 1) and ESI produces singly and mul-
tiply charged ions (z > 1). The advantage of ESI is
that a relatively large molecule can still fall into the
m/z range of a mass spectrometer when z > 1. How-
ever, the existence of multiply charged ions increases
the complexity of the spectrum because 1) a single type
of molecule may produce multiple peaks due to different
charge states, and 2) the charge state of a peak needs
to be determined by other means in order to convert
the m/z value back to the mass value.

Common mass analyzers used in proteomics include:
ion trap, quadrupole, TOF (time-of-flight), FTICR
(Fourier transform ion cyclotron resonance), and orbi-
trap. The difference in mass analyzers mostly affects
the resolution and the mass accuracy of the data. Nor-
mally the order of performance in terms of resolution
and accuracy is iontrap ~ quadrupole < TOF < FTICR
~ orbitrap.

A few fragmentation methods exist for tandem mass
spectrometers: CID (collision induced dissociation),
CAD (collision activated dissociation), IRMPD (in-
frared multiphoton dissociation), SORI-CID (sustained
off resonance irradiation collision induced dissociation),
ECD (electron capture dissociation), ETD (electron
transfer dissociation), and HCD (higher-energy C-trap
dissociation). These methods tend to fragment at dif-
ferent sites of a peptide, and often generate different
types of fragment ions and therefore significantly differ-
ent spectra for the same peptide. Thus, most commer-
cial data analysis software provides different parameter
settings for different instruments, and allows the users
to choose before the data analysis.

3 Applications of Mass Spectrometry

Mass spectrometry has been used for many appli-
cations in proteomics. This section reviews the most
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common ones. Some of these applications are related
to each other. For example, the protein quantification
(Subsection 3.8) relies on the successful protein identifi-
cation (Subsection 3.1) as the first step of the analysis.
Some techniques developed in one application may also
be useful in other applications.

3.1 Protein Identification with a Database

Protein identification is by far the most popular ap-
plication of mass spectrometry in proteomics today. In
this application, the mass spectrometry data are used
to identify the proteins in the sample with the assis-
tance of a protein sequence database.

Although the wet-lab procedures for protein identi-
fication may be slightly different from each other, a ty-
pical procedure consists of four steps and is illustrated
in Fig.3. The mixture of proteins is first digested into
peptides, which are then separated with liquid chro-
matography (LC) before the mass spectrometry mea-
surement. Both MS and MS/MS spectra are measured
in the experiment.

In the so-called data dependent acquisition (DDA)
mode, each MS scan may be followed by a few MS/MS
scans. Each MS/MS scan fragments a different peak
in the MS scan. This typical LC-MS/MS experiment
is often modified in the lab depending on the instru-
ment type and the complexity of the protein mixture.
For example, for a MALDI instrument, the LC has to
be done offline. For very complex protein samples, an-
other separation with 1D or 2D gell®, or 2D LCM may
be necessary. But what is common is that all these ex-
periments result in thousands (even hundreds of thou-
sands) of MS/MS spectra for one sample. There are two
complications for the MS/MS data. First, the MS/MS
spectra can correspond to either peptides or chemical
noises. Secondly, many peptides in the sample do not
produce MS/MS spectra because of their low concen-
tration and the competition from other peptides.

In addition to the MS/MS data, we are usually
given a protein sequence database that supposedly con-
tains all the target proteins. Therefore, the compu-
tational task is to select the correct proteins from
the database. Many software packages exist for this
task. The popular ones include Mascot!”), PEAKS!0
Sequest™), Tandem['?!, Ommsal’®l, and Phenyx!'.
Different packages use slightly modified procedure for
the data analyses. But all of them include two major
steps: first, each MS/MS spectrum is used to identify a
peptide sequence from the database; secondly, the pep-
tides are grouped together to identify the proteins from
the database.

For the peptide identification step, a scoring func-
tion is needed to measure the quality of the matching
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Fig.3. Typical LC MS/MS experiment procedure.

between a given peptide and the MS/MS spectrum.
Each peptide in the database with proper mass value
is scored using the spectrum and the scoring function,
and the highest scoring peptide is output as the answer.
A good scoring function is of primary importance for
the peptide identification accuracy. Given a peptide
and a spectrum, most software computes the theore-
tical m/z values of the fragment ions of the peptides,
and matches the peaks of the spectrum with the m/z
values. Usually the intensities and the numbers of the
matched peaks, as well as the mass errors of the match-
ing are taken into account in the scoring function. The
fragment ion types are also important because a certain
type of mass spectrometer usually produces higher in-
tensity peaks for certain ion types. Readers are referred
to [9-16] for some examples of the scoring functions in
use. Some of these scoring functions can also be used
in the de nmovo sequencing application introduced later
in Subsection 3.2. To develop a good scoring function,
Zhang also predicted the theoretical MS/MS spectrum
of the input peptide using complex fragmentation path-
ways and compares it directly with the experimental
MS/MS spectrum!!7).

The peptide identification scores of different search
engines cannot be directly comparable to each other.

Fenyo and Beavis suggested a method to “norma-
lize” different scores by using the significance of the
matching!*®!. During the database searching, the sub-
optimal matches to the input are used to train a “sur-
vival function”, which is then used to convert the
matching score to a significance value. Their paper
claimed that this significance value can be compared
across different database search algorithms.

Even with a good scoring function, false discove-
ries still exist. For high throughput data analysis,
proteomics researchers very much want to know the
false discovery rate at certain score threshold. This
will help them to determine which analysis results are
trustworthy and the others discarded. Currently, this
result validation step is commonly done with the so-
called decoy database method!*?. In such a method, a
random database (the decoy) is generated with similar
statistical properties as the target database. The pep-
tide identification algorithm is done on both the target
database and the decoy database. The false discovery
rate at a given score threshold is estimated by the num-
ber of matches in the decoy database with scores above
the threshold. There have been several reports on how
to generate a good decoy database'9201., Notably, in
the original proposal for using decoy databasel?!), the



target database sequences are reversed to form the de-
coy. There is still no consensus in this community on
the optimal way of using decoy database. For example,
it is recommended in [19] that the target and the decoy
should be concatenated and searched together, while in
[20] the suggestion is that they should be searched se-
parately.

The following three related problems are very useful
to increase the peptide identification performance and
are still not completely solved.

C1. Accurate prediction of the MS/MS spectrum of
a given peptide.

C2. Better scoring function to assess the matching
between a peptide and an MS/MS spectrum.

C3. Result validation method to estimate the false
discovery rate of the peptide identification.

After all peptides are identified, the protein identi-
fication is still a challenging problem. The first reason
is that not all peptides of a protein can be identified.
When there are two or more peptides of a protein are
identified with high confidence, the protein is usually
true. However, a protein may have only one peptide
identified, making it very difficult to judge whether it
is a false discovery. This is commonly known as the
“one hit wonders” in protein identification. A method
of combining the MS and MS/MS spectra is proposed
in [22] to help improve the situation. The second reason
is that each identified peptide may be shared by a few
proteins in the database. This is often caused by the
existence of homologous proteins in the database. It is
difficult to determine which of the proteins sharing the
same peptides is real. Or perhaps all of the homologous
proteins are present in the sample. One can imagine
that the relationship between the identified peptides
and the proteins in the database is a bipartite graph
(Fig.4). Inferring the correct proteins from this bipar-
tite graph is a difficult problem and researches aiming
to deal with this situation include [23]. These aforemen-
tioned difficulties raise the following four problems.

L%

Proteins B C

Peptides

Fig.4. Each peptide may be contained by multiple proteins, re-

sulting in a bipartite graph that is hard to resolve.

C4. Solving the “one hit wonders”.

C5. Result validation for protein identification.

C6. Use both MS and MS/MS spectra for protein
identification.

C7. Accurate protein inference from peptide
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assignments.

Protein identification is the most mature application
of mass spectrometry in proteomics. However, the soft-
ware in use is still not perfect for reasons mentioned
above. Result validation is urgently needed for both
protein and peptide identification. In fact, as an effort
to minimize the errors in published results, a working
group has started to develop guidelines in publications
of peptide and protein identification datal24.

Several other complications in the data also give dif-
ficulties to the software currently in use. It is reported
that for some instruments only 5~50% of the MS/MS
spectra can be confidently mapped to the peptides in
the database(?’]. A few reasons have been reported for
this low utilization of the data. The largest reason is
perhaps due to noise spectra, which are caused by either
poor fragmentations of the peptide ions, or the fact that
the selected parent ion is not a peptide ion at all. The
inclusion of these noise spectra not only increase the
computational complexities, but also increase the false
discovery rates of the results. Therefore, the following
computational task is useful for most mass spectrome-
try applications discussed in this paper, including pro-
tein identification. Researches on removing the noise
spectra can be found in [25] and its references.

C8. Scoring function to evaluate the quality of each
input MS/MS spectrum.

Another reason for the aforementioned low utiliza-
tion of the data is the PTMs in the peptides. Usually,
a significant portion of peptides in the digested sam-
ples are modified, which causes mass changes to some
residues. A protein identification software package usu-
ally allows both variable PTMs and fixed PTMs. A
fixed PTM of a residue means that every occurrence of
the residue in the target proteins is modified with the
PTM, whereas for a variable PTM a residue may or
may not be modified. The dealing with fixed PTM is
rather simple — the software can simply substitute the
mass of the residue by the mass of the modified residue
during the database search. However, for each variable
PTM on a residue, the software has to try both cases
that the PTM is on and off. This causes exponential
growth of the searching space when there are multiple
variable PTMs provided to the software. PTMs signif-
icantly increase the complexity of the protein identifi-
cation and deserve a separate section (Subsection 3.5)
to review it.

C9. Efficient algorithm to allow multiple variable
PTMs in database searching.

The throughput and scale of the mass spectrometry
experiments have grown rapidly in the past ten years.
Today, one experiment dealing with the whole proteome
of an organism may involve tens of hours of LC-MS/MS
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runs. If the mass spectrometer produces one MS or
MS/MS scan per second, this can give up to hundreds of
thousands of MS and MS/MS spectra for a single data
analysis task. The size of the data has exceeded the
scalability of most software on the market. Researchers
often need to divide the dataset themselves, run the
data in batches with existing software, and then merge
the results together at the end. However, some steps
of the analysis may require dealing with the dataset as
a whole. In order to fully utilize the information in
the data, it is better to incorporate this data division
into the data analysis algorithm of the software more
carefully. Some existing software such as PEAKS has
started doing this?6l. Although the handling of large
data may not require fancy algorithms, it is a very prac-
tical concern in this field. Therefore, we would like to
list the data size problem as one of the computational
challenges too.

C10. Handling extremely large mass spectrometry
data size.

3.2 Peptide De Novo Sequencing

The database search approach for protein identi-
fication requires the target proteins and peptides to
be in the database. However, this prerequisite is of-
ten not satisfied due to many reasons such as incom-
plete genome sequencing, inferior gene prediction from
the genome, alternatively spliced genes, sequence vari-
ations between two individuals of the same species,
and non ribosomal peptides. When this happens, de
novo sequencing is the only choice for identifying the
peptides. A de novo sequencing algorithm takes an
MS/MS spectrum as input, and outputs a peptide se-
quence that best matches the spectrum. The computa-
tion does not require any protein database. Rather, the
peptide sequence is constructed by the algorithm from
the MS/MS spectrum.

Recall that the most important component of the
database search approach is a scoring function to as-
sess the matching between a spectrum and a peptide.
However, the algorithm component is rather simple —
as simple as enumerating every peptide in the database
with proper mass values. This is not the case any more
for de movo sequencing. Enumerating every possible
amino acid combinations with a given total mass value
will take exponential time. Therefore, it is also im-
portant to design efficient algorithm to construct the
optimal peptide sequence for de novo sequencing. For
this reason, de novo sequencing has gained more inter-
ests among the computer science researchers in bioinfor-
matics. Some commonly used software packages for de
novo sequencing include PEAKS[Y PepNovol2” and
Lutefisk®8]. One of the earliest mathematical models

for de novo sequencing was given in [29]. In such a
model a spectrum is converted to its spectrum graph
representation and the finding of a solution is then
solely done on the graph. This model has been polished
by later researchers. Notably, a completely different
model was used in the algorithm of PEAKS software!3%.
The readers are also referred to the review articles!31-3]
for more complete introductions of de novo sequencing
and its algorithms. A comparison of several commonly
used de novo sequencing packages can be found in [34].

When the de novo sequencing is done manually, a
human interprets the spectrum by examining the ion
ladders. A series of high intensity peaks are called lad-
ders if the m/z difference between every adjacent pair
of peaks is approximately equal to the mass of an amino
acid residue. In a CID MS/MS spectrum, if the peptide
fragmentation is ideal, all of the y-ions (or b-ions) can
be observed and their peaks should form a complete
series of y-ion (or b-ion) ladders. For other types of
fragmentation methods, ladders of other ion types may
be observed. The mass differences between adjacent
peaks in the ladders can be used to derive the amino
acid sequence of the peptide.

The difficulties of de novo sequencing are mostly
due to the imperfect data. First, when the ion lad-
ders are incomplete, only partial sequence information
can be derived. Most algorithms examine both the N-
terminal ion (e.g., y-ion) and C-terminal ion (e.g., b-
ion) ladders to improve the sequencing accuracy and
coverage. The PEAKS algorithm additionally utilizes
some of the internal fragment ions to further improve
the accuracy!!?). Secondly, there are a lot more peaks
than just the N-terminal and C-terminal ion ladders.
Many of these peaks are from other fragmentations of
the peptide. Some of the other peaks can be misinter-
preted by the algorithm as the peaks in the N-terminal
or C-terminal ion ladders, causing errors in the result.
There are efforts in determining whether a peak is a
y-ion or a b-ion peak by examining the other related
peaks in the spectrum/(5].

Peptide de movo sequencing is a significantly
harder problem than the peptide identification with a
database. It requires much higher quality data in or-
der to derive the complete peptide sequence. When
the complete peptide sequencing is not possible, it
is desirable to derive a partial sequence tag. Many
de novo sequencing packages such as Lutefisk?8] and
Sherengal®! output partial sequence tags when they are
unsure about some amino acids. PEAKS software com-
putes a “local confidence score” for each amino acid
in its de novo sequencing result®”). By removing the
amino acids below a confidence threshold, the remain-
ing amino acids form a sequence tag.

To overcome some of the data quality problem,



researchers have tried to produce more than one spectra
of the same peptide with different fragmentation modes,
and perform de novo sequencing by using the multiple
spectra together($39 This approach was first pro-
posed in [38] by combining CAD and ECD. In [39] CID
and ETD spectra are combined. CID and CAD produce
more b- and y-ions, whereas ECD and ETD produce
more ¢- and z’-ions. The b- and c-ions (or y- and z'-
ions) in the two spectra, respectively, can confirm each
other. This will significantly increase the chance of ob-
serving a complete ion ladder, and reduces the chance
of misinterpretation of other peaks as ion ladder peaks.
As a result, significant improvements on accuracy were
observed in [38-39].

The database searching approach is good at ‘“re-
identifying” proteins and peptides. To make new dis-
covery, peptide de novo sequencing is necessary. Both
the mass spectrometer instrument quality and de novo
sequencing software have greatly improved in the past
ten years, resulting in much improved de novo sequenc-
ing accuracy and coverage. But there is still a lot
of room to improve the de movo sequencing perfor-
mance, by developing new scoring functions, new algo-
rithms, and new experimental methods. Comparing the
database search approaches, the trouble for de novo se-
quencing is that the scoring function must be designed
together with the efficient algorithm that computes the
solution. Therefore, we list de novo sequencing as a
whole challenge, instead of dividing it into smaller prob-
lems. In short term, the combination of multiple frag-
mentation modes show great promise in the improve-
ment of de novo sequencing.

C11. Better peptide de movo sequencing methods
and algorithms.

3.3 Peptide/Protein Identification with a
Homologous Database

Both the database search method and the de novo
sequencing method have their limitations. The former
requires the protein or peptide sequence to be in the
database and the latter requires higher quality spec-
trometry data. In this subsection we review some ex-
isting efforts to combine the strengths of both methods.

The genomes of more than 180 organisms have been
sequenced as of today!*®. For any commonly stud-
ied organism, there is a good chance that it has a
close relative whose genome has been sequenced. Once
the genome is sequenced, gene prediction software can
be used to predict the genes and obtain the protein
sequence database. Consequently, even if our target
protein does not exist in any databases, there may be
a database protein sequence that is closely homologous
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to the target protein. The homologous sequence can
provide useful (although not completely accurate) in-
formation towards the identification of the target pro-
tein.

In addition, because the small genome variation be-
tween different individuals of the same species, even if
the protein database exists, the target protein sequence
may be slightly different from the one in the database.
Hence, the peptide/protein identification with a homo-
logous database is also useful even if the genome of the
studied organism has been sequenced.

Earlier utilization of homologous databases was con-
ducted by de novo sequencing followed with a stan-
dard homology search. This requires some fine tunes in
the searching parameters because the sequence tags are
usually short. Three general purpose homology search
programs, FASTA, Shotgun and BLAST have been
modified to sequence tag search programs: FASTSH1
MS-Shotgun*? and MS-BLAST™3]. Given a list of de
novo sequencing tags, these programs often can find a
protein that is homologous to the target protein.

However, there are often errors in the de novo se-
quencing tags. The most frequent de novo sequencing
errors are one segment of amino acids is replaced by
another segment with the same total mass value. For
example, a peptide sequence LSCFAV is mistakenly se-
quenced as EACFAV. Notice that the mass values of LS
and EA are both approximately 200.1 Da. When the
fragmentation between the two residues L and S does
not form high peaks in the spectrum, this error can be
easily made by the de novo sequencing software. This
type of errors has very different properties than those
statistical models developed for homology mutations,
which makes the general purpose homology search in-
appropriate for searching de novo sequencing tags.

The SPIDER[M®Y and OpenSeal*! programs are
developed for the homology search with the de novo
sequencing errors in mind. Both programs match par-
tially correct sequence tags with a database to identify
the homologous or modified proteins. The difference is
that SPIDER’s algorithm allows the homology muta-
tions and the de novo sequencing errors to occur at the
same site.

It is noteworthy that these sequence tag search-
ing program can be used to search against the exact
database (instead of a homologous database) as well.
SPIDER has a special option to support this type of
search. Also, another sequence tag searching program,
GutenTagl*®!| can be used to do sequence tag searching
on exact protein databases. It was reported in [46] that
this type of sequence tag search found different set of
peptides and has a lower false discovery rate than the
database searching approach for peptide identification.
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Another approach of using homologous database is
to try to mutate the amino acids of each database
peptide and match the mutated peptides with the in-
put spectrum. This can be regarded as if the regu-
lar database search is done on an expanded protein
database. The hope is that the target peptides are
included in the expanded database. However, this ap-
proach inevitably increases the searching complexity.

C12. Peptide and protein identification with a ho-
mologous database.

3.4 Complete Protein Sequencing

As reviewed in Subsection 3.3, the protein database
is often not available. Even it is, the complete sequence
of the protein may be slightly different from the one
in the database. Consequently, merely identifying the
protein does not always tell us the accurate sequence
of the protein. When the complete protein sequence is
wanted, new experimental and computational methods
are needed.

Traditionally, the sequencing of novel or mutated
proteins is done by the time-consuming Edman degra-
dation. Recently, the possibility of using MS/MS to se-
quence novel proteins has drawn researchers’ attention.
Protein sequencing with MS/MS has been previously
done manually in proteomics as follows. First, the tar-
get protein is digested with multiple enzymes. Because
different enzymes digest at different sites, the multiple
digests result in overlapping peptides. Then each di-
gest is measured with MS/MS and de novo sequencing
is used to derive the sequence of each peptide. At last,
an assembly step is performed to put all the overlapping
peptides together.

By using the above approach, a few groups have
successfully sequenced complete proteins®47  with
MS/MS. Automated software tools were also developed
for analyzing this type of datal*®-®,  Among these
works, Bandeira’s algorithm[*8-59 is slightly different
from the manual analysis procedure. Instead of us-
ing de novo sequencing to get the peptide sequences,
their algorithm produces an intermediate prefiz residue
mass spectrum from each MS/MS spectrum, and then
assembles the prefix residue mass spectra together. The
Champs algorithm in [51] is very similar to the afore-
mentioned manual analysis procedure. However, it uti-
lizes a homologous protein database to assist the assem-
bly. The homologous protein in the database allows the
algorithm to use the SPIDER algorithm!4 to correct
the de novo sequencing errors and serves as a template
for the assembly. This allowed the algorithm to achieve
almost full accuracy and coverage on two standard pro-
teins in [44].

The research in protein sequencing with MS/MS has

just started in the bioinformatics community. This is
only because the mass spectrometry instruments and
peptide de novo sequencing have been improved to a
level such that automated complete protein sequenc-
ing becomes possible. In fact, all the current works in
the literature for complete protein sequencing required
carefully controlled wet lab experiments on purified pro-
teins. Omnce this can be done accurately in an auto-
mated and high-throughput fashion, there will be great
needs for this method in proteomics. We feel this is a
very promising direction and a lot more research in this
problem will appear.

C13. Complete protein sequencing with MS/MS.

3.5 PTM Characterization

There are a few hundreds of known PTMs with
the most common being phosphorylation, glycosyla-
tion, methylation, acetylation and acylation!**2. Many
of these modifications have significant influence on the
activity and specificity of proteins, and may even play
a role in stabilizing a protein’s structure and in regulat-
ing enzymatic activity. In many cases, the proteins are
modified at several sites by a number of added func-
tionalities. PTMs have also been reported to be in-
volved in various diseases including cancers (see e.g.,
[53]). Clearly, it is important to report all PTMs in the
target protein. A PTM on an amino acid residue usu-
ally changes the mass of the residue, which is reflected
by the change in the peptide’s MS/MS spectrum. Thus,
the characterization of PTM is possible with MS/MS,
but with a few difficulties.

First, since PTMs are added after the translation
from mRNA to protein, there is no simple rule to de-
termine the modification sites from the genome. Thus,
even an organism’s genome is sequenced, the PTMs are
unknown. As a result, protein databases usually do not
contain the PTM information. The protein identifica-
tion algorithm has to expand the protein database by
adding the possible PTMs, resulting in high computa-
tional complexity. There have also been researches on
predicting the PTM sites from the protein sequences.
For example, Blom et al. used the protein sequence and
structure to predict the phosphorylation sites®¥. At
this moment we are not aware of researches on combin-
ing such predictions with the mass spectrometry. But
this combination can potentially be very useful.

The second difficulty is the low coverage of the pro-
tein in the data. Many peptides of the target protein do
not produce spectra for reasons such as low concentra-
tion and competitions among peptides. Consequently,
there will be no information in the data about the PTM
on those uncovered regions of the protein.

Thirdly, peptides with certain modifications can
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produce more complex spectra than a simple peptide.
For example, when a phosphorylated peptide is sub-
ject to CID, the (-elimination mechanism can cause
a neutral loss of —96 Da or —80Da on the phosphory-
lated serine (S) or threonine (T). This results in altered
MS/MS spectrum than without S-elimination. The
scoring function trained for unmodified peptide may
not be suitable for the peptides with these complex
modifications. The more involved PTM is the glycosy-
lation, which is reviewed separately in Subsection 3.6.

Lastly, researchers often do not know which PTMs
exist in their sample. Letting the software try all of
the few hundred known PTMs makes the computation
infeasible. Turning on too many PTMs in the searching
also increases the false discoveries significantly because
the growth of the searching space. The most attrac-
tive solution is to let the software identify the possible
PTMs automatically from the data. Tsur et al. deve-
loped a “blind search” strategy to identify the PTMs by
aligning the spectrum (with PTM) with the database
peptides directly®®. Moreover, for a variable PTM,
both the modified and unmodified copies of the same
peptide may appear in the sample. By comparing the
spectra of the modified and unmodified peptides, one
can also possibly identify the PTM. MacCoss et al. re-
alized this potentiall®® and Bandeira et al. exploited
this technique with a spectral network concept!®7).

Here we list the following three challenges related
to PTM discovery. Readers will also find the review
articlel®®! and its references a useful resource.

C14. Combining sequence-based PTM prediction
and MS/MS for PTM discovery.

C15. Better scoring function for matching MS/MS
spectrum with modified peptides.

C16. Discovery of unknown (unspecified) PTMs.

3.6 Glycan Structure Determination

Glycosylation is the most common PTM in mam-
mal proteins. It is estimated that over 50% of all mam-
malian proteins in eukaryotic systems are glycosylated
at some point during their existencel®?. Glycoproteins
are known to be involved in a long list of diseases includ-
ing rheumatoid arthritis/® and cancer(®!. Glycosyla-
tion adds a glycan structure to the peptide (Fig.5). Un-
like other simple PTMs that have a fixed mass change,
the glycan may have variable structures and variable
mass values at different modification sites. This makes
the characterization of glycosylation significantly more
involved than other PTMs.

A glycan has a tree structure consists of many
monosaccharides (sugar units) connected with glyco-
sidic linkages (Fig.5(b)). There are a few common
sugar units, most of which having different mass values.
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The glycosidic linkages between the sugar units breaks
with lower energy than the peptide bonds when gly-
copeptide ions are fragmented in MS/MS experiments
(Fig.5(a)). The resulting fragment ions will form char-
acteristic peaks of the glycan in the MS/MS spectrum.
Therefore, structural information of the glycan can in
principle be deduced from the spectrum. However, the
glycan structure determination is more difficult than
the peptide sequencing because the target structure is
now a tree instead of a linear sequence.

CH,OH N1
0] X3 V3 oz
: - 2 23
OH O\
bi CHy CH,OH Peptide
(0]
4
OH NHCOCH,
NHCOCH;
e3
Peptide
Hex HexNAc
Asn

Hex (b)

Fig.5.
types of fragment ions in MS/MS. (b) Tree abstraction of the
glycan structure.

(a) Glycan structure fragments and produces different

There have been attempts to solve glycan structure
problem by using MS/MS. The classical methods for
the characterization of glycoproteins by mass spectro-
metry were to cleave glycans with enzymes and then
analyze the structures of the released glycans. There-
fore, most of reported algorithms focus on interpret-
ing MS/MS spectra of released glycans (see [62] and
its references). Recently, biochemists began to analyze
glycopeptides derived from trypsin digestion of glyco-
proteins directly%3-64 and algorithms have been deve-
loped for analyzing this type of datal65-66],

Although the models in [62, 65] are slightly different,
both of their algorithms construct good solutions for
smaller sized trees and then assemble the constructed
tree structures into larger and larger ones. The algo-
rithm in [62] uses dynamic programming. But in each
step, it keeps the 200 best solutions under a simple scor-
ing function. Then a post-processing step re-evaluates
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these solutions with a more accurate scoring function at
the end of the dynamic programming. The algorithm in
[65] uses a heuristic strategy that is similar to dynamic
programming. For each tree size, the best 1000 struc-
tures constructed so far are kept. The re-evaluation
with an accurate scoring function happens immediately
after each larger structure is assembled. Shan et al.
also proved that under some models, glycan structure
determination using MS/MS is an NP-hard problem!6!,
This justifies the need for either a heuristic algorithm
or an exponential time algorithm.

C17. Glycan structure determination with MS/MS.

3.7 Spectrum Library Searching

There are more and more mass spectrometry data
becoming publicly available. Some of the popular data
repositories are Open Proteomics Databasel%”) and Pep-
tide Atlasl®®. There are also efforts to produce an-
notated libraries of experimental MS/MS spectra with
known peptide sequences such as the NIST Peptide
Mass Spectral Libraries!69.

The MS/MS spectrum of a peptide is very hard to
be predicted from the sequence, causing the difficulty
in developing an accurate scoring function for peptide
identification. However, the spectrum of a peptide is
fairly reproducible if the same type of mass spectrom-
eter is used under the same condition. Therefore, if
a peptide’s MS/MS spectrum has been previously in-
cluded in an annotated spectrum library, the best way
to identify this peptide is to match the experimental
spectrum with the library spectrum directly. Algo-
rithms and software systems have been developed to
use this annotated spectrum library search approach to
solving the peptide identification problem![69-72,

The difficulty of building an annotated spectrum
library is the quality control of the annotation. For
high quality spectrum, a standard database searching
approach for peptide identification can already identify
the peptide with high confidence. The benefit of using
the annotated spectrum library is greatly reduced in
this case. However, for lower quality spectra, it is not
obvious how to guarantee the correctness of the anno-
tation, since the annotation is also produced by some
sort of peptide identification software. The searching in
the library also requires efficient algorithm especially if
the library is large. In addition, it will be very use-
ful if one can compare the experimental spectrum of a
modified peptide with the library spectrum of the un-
modified or differently modified peptide. In this way,
the application of the annotated library searching will
be greatly expanded. We note that if efficiency is not a
concern, Bandeira et al’s work on spectral network!®”]
can be readily used here to compare spectra of differ-

ently modified peptides.

C18. Construction of a quality annotated spectrum
library.

C19. Efficient searching for similar spectra in anno-
tated spectrum library.

C20. Efficient matching between the spectra of
modified peptides with the spectra of unmodified or
differently modified peptides in the library.

3.8 Protein Quantification

Scientists are not satisfied by only knowing the iden-
tities of the proteins. The expression levels of the pro-
teins in the sample reveals a lot more information about
the protein’s participation in a particular function or
malfunction of the cells. Protein quantification (also
known as quantitation) could provide a comprehensive
description of the expression level changes of the pro-
teins under the influence of various perturbations, in-
cluding stress, infection, or disease. Drug administra-
tion and therapeutic effects could also be determined
though protein quantitation. Quantitative proteomics
can help identify biomarkers of a particular disease and
aid in an early diagnosis and intervention.

Several different wet-lab experimental methods have
been developed for quantification. The popular ones are
ICAT (Isotope-Coded Affinity Tags)[™], SILAC (Stable
Isotope Labeling by Amino Acids in Cell Culture)™!,
iTRAQ (Isobaric Tag for Relative and Absolute
Quantitation)(™, and label-free quantification!”6-77],
The first three methods require some sort of isotope
labeling of the samples. Multiple samples are labeled
with different isotope labels with the same composi-
tion but different masses. Then the samples are mixed
together and analyzed in the same LC MS/MS experi-
ment. The same peptide from different samples would
still elute from the LC at the same time but produces
different peaks in the same MS (for ICAT and SILAC)
or MS/MS spectrum (for iTRAQ). The mass difference
between these peaks is equal to the mass difference of
the different labeling reagents. So these characteristic
peaks can be easily recognized by the instrument and
the software. The relative intensities between the cha-
racteristic peaks can be used to compute the quantity
ratio of the peptide in the given samples. The protein
quantity ratio can be computed from the ratios of the
peptides assigned to the protein. The readers are re-
ferred to the above references for more details about
the labeling methods for quantification.

Recently, the label-free quantification method is
gaining more and more attention. In this method, mul-
tiple (for example, two) samples are analyzed in sep-
arate LC MS/MS experiments under the same condi-
tion. Each MS scan of the data has a retention time,
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indicating at which time of the LC experiment the MS
scan is taken. A peptide common in both samples will
form peaks in the MS scans of each sample. These
characteristic peaks (or peptide features) will have the
same m/z value; but the MS scans containing them
may have slightly different retention times due to the
LC variation. The analytical algorithm needs to correct
the retention time variation and correctly map the pep-
tide features. Then the peak intensities of the peptide
features can be used to compute the quantity ratios of
the peptides. The protein quantity ratio is calculated
by averaging the peptide ratios together.

The label-free method does not require the costly
labeling reagents and avoids problems such as sample
loss and unwanted side reactions common with ICAT
and iTRAQ. In addition, the label-free method would,
in principle, allow the comparison of datasets of current
samples with datasets of samples that do not exist any-
more, and potentially would allow for the comparison of
datasets obtained from separate labs. The labs would
need very similar experimental protocols, but would not
need to exchange samples. All these make the label-
free method the most promising method for large scale
comparison of hundreds of samples that are required by
biomarker discovery. Moreover, label-free method im-
poses more computational challenges for bioinformatics
researchers. In the rest of this section we focus on these
challenges.

The retention time correction is the first and the key
step of the label-free analysis™, and is typically done
by a multiple alignment of the sequences of MS scans
of all samples. Similarity scores are calculated for each
pair of scans and the alignment is computed in a similar
fashion of the Smith-Waterman algorithm for sequence
alignment!™!. Additionally, if two MS/MS spectra from
different samples correspond to the same identified pep-
tide, their corresponding MS scans can be used as an
anchor of the alignment[®!. This helps to improve the
accuracy and speed of the alignment algorithm.

C21. Retention time alignment for label-free quan-
tification.

Peptide features can be recognized before or after
retention time correction. The features from the same
peptide of different samples are mapped together. The
intensity of the feature can be the total peak intensities
for the feature, or the area size under the peak pro-
file. These calculations are nontrivial due to the noisy
data and the overlaps of different peptide features in
the spectra.

C22. Peptide feature detection in LC-MS spectral
data.

C23. Peptide feature mapping for label-free
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quantification.

At last, the peptide ratios are averaged together to
calculate the protein ratios. This last step is much
harder than it appears to be. In the database searching
approach for protein identification, we mentioned that
a peptide can be shared by multiple proteins, causing
difficulties to assign the identified peptides to proteins.
This is a bigger problem in quantification. When a
peptide feature is shared by two proteins, the inten-
sity should be split to the two proteins before the ra-
tio is calculated. This intensity splitting is a difficult
problem. Another problem in protein ratio calculation
is that some of its peptide ratios contain large errors
and are outliers. This can be caused by reasons such
as overlapping peptide features, shared peptides, and
wrong peptide identification. An outlier removal step
is needed before the ratios are averaged together.

C24. Accurate calculation of protein ratios from
peptide ratios.

Since many proteins are modified with variable
PTMs, researchers in protein quantification are also in-
terested in knowing what percentage of the proteins
are modified by a certain variable PTM. The percent-
age changes across samples can potentially be used as
biomarkers too.

C25. PTM quantification.

3.9 Sequencing Non-Standard Peptides

In all the above reviewed applications, we assume the
peptide to be a linear sequence of amino acid residues.
However, in some other applications a peptide can have
a more complex structure. Mass spectrometry has been
used in sequencing non-standard peptides. These in-
clude two peptides bound with disulphide bonds®! and
non-ribosomal peptides!82.

C26. Determining the structure of peptides with
disulphide bonds with MS/MS.

C27. Identification and sequencing of non-ribosomal
peptides with MS/MS.

Recall that a peptide ion is selected by the first mass
analyzer of the tandem mass spectrometer based on the
m/z value. In an LC MS/MS experiment, there is a
small chance that two different peptides with the same
m/z get fragmented together and form a single MS/MS
spectrum. The resulting spectrum contains the frag-
ment ions from both peptides. When the mixture is
dominated by one peptide, the standard peptide iden-
tification methods can still identify the dominating pep-
tide. But the identification of both peptides is difficult.
An initial research for this problem can be found in [83].

C28. Identifying both peptides from their mixed
MS/MS spectrum.
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3.10 Top-Down Protein Identification

All the previous reviewed methods for protein iden-
tification belong to the so called bottom-up approach.
That is, a protein needs to be digested into shorter pep-
tides before the mass spectrometry analysis, and the
identification of the protein requires the identification
of the shorter peptides first. Recently, with the assis-
tance of high-end mass spectrometers (such as FTMS
and Orbitrap), there have been attempts to analyze
the intact protein directly (see [84] and its references).
The intact protein is highly charged to give a proper
m/z value for the measurement in a mass spectrometer.
The highly charged protein ion is fragmented and an
MS/MS spectrum is produced for the fragments of the
whole protein. The protein can be identified by com-
paring the theoretical fragment ions with the observed
peaks in the spectrum. This method is called top-down
protein identification (or top-down protein sequencing).
Since the fragmentation pathway for the much longer
protein is more complicated than a shorter peptide, the
scoring functions for peptide identification cannot be
used here. New scoring functions need to be developed.

C29. Top-down protein identification.

4 Related Research Topics

In this section we briefly review some related re-
search topics in mass spectrometry data analysis.
These research problems do not belong to any single
application in Section 3. However, solving these prob-
lems will help all of the above applications in general.

4.1 Peptide Detectability

It is known that some peptides of a particular pro-
tein are easier to be detected in a mass spectrome-
try experiment than the others. Reasons affecting the
detectability of a peptide include the following. 1) Pep-
tides may not be correctly digested in the protein di-
gestion step. 2) There are PTMs on the peptides. 3)
The peptides are lost in the LC column. 4) Peptides
do not ionize well and therefore the resulting low inten-
sity peaks in the MS scans are ignored by the data de-
pendent acquisition. 5) Peptides fragment poorly and
produce low quality MS/MS spectrum. Efforts have
been made to predict the detectability of peptides from
the protein sequence!8®-8l. If this detectability can be
predicted rather accurately, it can help improve all ap-
plications in the bottom-up analysis. For example, it
can help solve the protein inference problem®¢! and is
especially useful for protein quantification(®5!.

C30. Accurate prediction of the peptide’s detectabi-
lity.

4.2 Peptide Identification with Multiple
Spectra

The inherent difficulty of peptide identification is
the low-quality data due to poor fragmentation of the
peptide. There exist two approaches to improving the
fragmentation. One is to fragment the peptide with
two different techniques such as CID and ETD, collec-
tively or respectively. The other is to use multistage
MS, which selects a fragment peak from an MS/MS
spectrum and fragment it again to form an MS? spec-
trum. In theory this process can be continued to form
the MS” spectrum. The technical notel®” even used
two fragmentation techniques to do multistage MS.

In Subsection 3.2 we reviewed some efforts on com-
bining two MS/MS spectra of the same peptide with
different fragmentation techniques to improve the pep-
tide de novo sequencing. There are also researches!®!
to use multistage MS data to do de novo sequencing.
Apparently this type of data should also be helpful in
other applications such as protein identification with
database searching. Hence we raise the following gen-
eral problems as challenges.

C31. Peptide/protein identification or sequencing
with multistage MS.

C32. Peptide/protein identification or sequencing
with multiple fragmentation techniques.

4.3 Data Compression

The raw mass spectrometry data are getting larger
and larger. A typical LC MS/MS experiment on a
Q-T of instrument produces 1G bytes of data per
hour. Data compression becomes a very useful tech-
nique. The general file compression programs do not
give the optimal compression ratio and do not allow
the direct access to individual spectrum of the com-
pressed data. There have been efforts on developing
better compression tools specifically for mass spectrom-
etry datal39-9%. Some tools support both lossy and loss-
less compression. In general, the m/z information of a
peak is more important than the intensity information
for the data analysis. Therefore, for the lossy compres-
sion, one can give up more on the intensity information
to gain better compression ratio.

C33. Mass spectrometry data compression.

4.4 Retention Time Prediction

For LC MS/MS experiments, each MS/MS spectrum
is associated with a retention time, which is the time
the peptide elutes from the LC column. This time
is fairly reproducible under the same LC condition,
and is predictable from the sequence of the peptidel].
The retention time can be used to validate whether
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the peptide identification result is correct, or included
in the scoring function to increase the identification
accuracy®?.  Also, the traditional mass fingerprint
method uses the peptides’ m/z values as characteristics
to identify the protein!?3!. This now seemingly obsolete
method clearly can be improved by combining the re-
tention time. If this is successful, then all the peaks
in the MS scans can be utilized in the data analysis.
These scans are currently being ignored in the protein
identification analysis.

C34. Accurate peptide retention time prediction,
and its applications in protein identification and quan-
tification.

4.5 Better Spectrum Preprocessing

A spectrum often contains a lot of noisy small peaks
that cannot be utilized by the peptide identification al-
gorithms. It is a difficult task to select the signal peaks
from a noisy spectrum. Good peak picking algorithms
have been reported to improve the accuracies of the
protein identification and quantification®9%!. A par-
ticular difficulty for peak picking is that some peaks
overlap each other.

ESI ionization produces multiply charged ions.
Many analysis algorithms are based on the mass (in-
stead of m/z) of the fragments. Thus, they require the
conversion of the multiply charged ions to the singly
charged ions. This process is called deconvolution. De-
convolution is typically done by examining the m/z dif-
ference between the monoisotopic peak and the isotopic
peaks of the same ion. If the difference is A, the charge
state of the peak is the integer rounding of the value
1/A. However, this is not a trivial task when the over-
lap of two ions causes difficulty in recognizing the iso-
topic peaks.

C35. Better peak picking and deconvolution algo-
rithms.

4.6 Biomarker Discovery

A major motivation for proteomics using mass spec-
trometry is to identify protein or PTM biomarkers.
This is typically a post-analysis after the protein iden-
tification or quantification analysis. For example, novel
protein biomarkers for Down syndrome disease were
identified from the pregnant women’s blood samples
using MS/MS and protein identification softwarel®6.
There are also efforts to directly identify biomarkers
from the mass spectrometry data first before the pro-
tein identification®”). Biomarker discovery is a much
broader topic than can be possibly covered in this ar-
ticle. We list it as a challenge here without detailed
discussion.

C36. Biomarker discovery from mass spectrometry
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data.

5 Discussion

The applications of mass spectrometry in proteomics
have drastically changed the study of proteins
from a labour-intensive protein-by-protein style to a
computation-intensive high-throughput fashion. This
is also why the aforementioned bottom-up approach is
also called the shotgun proteomics by many researchers.
The need for bioinformatics in this area is inevitable.
And there are too many research topics in this area
to be reviewed in details in this article. Nevertheless,
this article is the author’s effort to provide an entry
point for those who are interested in this area. Read-
ers are encouraged to continue their reading with the
references of this article. In addition to the references
cited before, readers may find the review articles9%-99)
and books!190-101] very useful.
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