
ABSTRACT

In recent years, the practice of proteomics research has experienced a dra-
matic shift within the pharmaceutical and biotechnology industry with the
widespread implementation of novel applications. The areas of interest ex-
tend all the way from discovery of novel drug, vaccine, and diagnostic tar-
gets, characterization of protein-based products, toxicology, and identifica-
tion of surrogate markers of activity in clinical research, to the ability to
provide information on the mechanisms of drug action. The power of two-
dimensional gel electrophoresis as well as advances in mass spectrometric
techniques combined with sequence database correlation have enabled speed
and accuracy in identification of proteins in complex mixtures. This article
surveys currently available software and informatic tools related to these
methods for proteome profiling. The broad acceptance of these technologies,
however, has not been accompanied by significant advances in the infor-
matics and software tools necessary to support the analysis and management
of the massive amounts of data generated in the process. In this context, this
article also discusses the importance of relational databases for protein iden-
tification data management. 

INTRODUCTION

The term “proteome” has been defined as the PROTEins ex-
pressed by the genOME of an organism or tissue. The analysis
of the proteome—or proteomics—involves identification as
well as qualitative and quantitative comparison of proteins ex-
pressed under different conditions, elucidation of their proper-
ties such as covalent structure, tertiary structure, intermolecular
interaction, and functions usually in a large-scale, high-through-
put format. In contradistinction to large scale, the hallmarks of
high throughput are real-time data analysis and the absence of
human intervention for verification of data. Progress in pro-
teomics has been possible because of advancements in several
different areas within the last ten years. These include advances
in protein analytical methods using mass spectrometry, the
availability of the complete genomic sequence of a number of
organisms, the development of protein/peptide microarrays,
computational methods, and computer technology. For pro-
teome profiling of a particular system or organism, a number of
specialized software tools are necessary. A vast amount of infor-
mation that needs to be evaluated critically is generated within a
short period of time in any proteomics project. To meet these

demands, the discipline of proteome informatics is rapidly
growing as a specialized branch of bioinformatics. The latter has
been defined as the field of science in which biology, computer
science, and information technology merge into a single disci-
pline (44). Proteome informatics involves collection, storage,
search, analysis, classification, integration, management, and re-
trieval of data in conveniently accessible databases. Strong pro-
teome informatics support is indispensable in proteomics pro-
jects to obtain seamless and transparent access to accurate
information from multiple sources in a platform as well as data-
base structure-independent manner (10). As has been suggested
about bioinformatics (50), the real long-term value of proteome
informatics is believed to lie not so much in the tools but in the
conversion of the knowledge that proteome informatics would
deliver into better prophylactic, therapeutic, and diagnostic
products.

The proteome profile of an organism or a tissue is like a snap-
shot containing the qualitative and/or quantitative protein pro-
file under a specific set of conditions. It is a dynamic entity, as
opposed to the genome that can be considered fixed. The infor-
mation generated in proteomics studies includes protein expres-
sion levels, co-translational and post-translational modification,
subcellular localization, signaling pathways, protein complexes,
protein-protein interactions, and the like. The enormity of data
processing involved in an average-sized proteome project is
mind-boggling. In this context, it is particularly interesting to
note that plans to elucidate the human proteome have been dis-
cussed at a meeting organized by the recently created Human
Proteome Organization or HUPO (www.hupo.org) (1). Howev-
er, in contrast to the Human Genome Project, which, in general,
used the basic technology for gene sequencing, proteomics in-
volves application of different novel technologies, many of which
are still in the process of development or standardization. The use
of peptide mass spectrometric data to search sequence databases
for identifying proteins is now rather well-established. The tech-
nique has recently been applied to search large genomes like the
human genome (12,38). It is becoming possible to apply peptide
mass spectrometric data to obtain experimental confirmation or
verification of predicted coding sequences, identification of nov-
el genes and elucidation of splicing patterns (11).

At present experimental technologies used for large-scale
and/or high-throughput analysis of proteomes directed at pro-
tein identification and their qualitative and quantitative com-
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parison can be classified into three different categories:
1. Two-dimensional (2-D) gel electrophoresis-based methods

followed by mass spectrometry.
2. Direct analysis of complex mixtures of proteins using mass

spectrometry.
3. Analysis of a complex mixture of proteins using microar-

rays of antibodies, peptides, etc. (9,29). 
In this article, we will focus on the software and informatic

tools related to the first two approaches. These tools used for oth-
er proteomic approaches, such as protein microarrays, biomolec-
ular interaction analysis, yeast two-hybrid projects, high-through-
put structural proteomics, protein-protein interaction (protein
interactome) pathways and cell signaling networks, elucidation of
protein function through large-scale computational analysis of se-
quence and structure are outside the scope of this article.

INFORMATIC AND SOFTWARE TOOLS FOR 
THE SAMPLE FRACTIONATION OR SAMPLE
PREPARATION STAGE

For 2-D gel electrophoresis-based proteomics methods, the
initial step involves fractionation of the sample by 2-D gel elec-
trophoresis. The separated protein spots are excised, enzymati-
cally digested with a site-specific protease such as trypsin fol-
lowed by mass spectrometric analysis and sequence database
searching for protein identification. The main software tool nec-
essary for the sample fractionation/sample preparation stage of
this approach is that for 2-D gel image analysis, which will be
discussed below. The software tools used to operate 2-D gel spot
excision robots are instrument-specific and are not covered in
this article. In large proteomics projects, the information on
samples used in 2-D gel electrophoresis is often recorded as part
of a laboratory information management system (LIMS). The
alternative approach to 2-D gel analysis usually involves direct
digestion of the protein or protein mixture with a site-specific
protease such as trypsin followed sequentially by liquid chro-
matography (LC) or capillary electrophoresis (CE) coupled with
on-line tandem mass spectrometry (MS/MS). The operational
software for LC and CE are instrument-specific and are not cov-
ered in this article. The samples used in this approach may have
been pre-fractionated by immuno-precipitation, affinity purifi-
cation, and/or sodium dodecyl sulfate polyacrylamide gel elec-
trophoresis (SDS-PAGE). 

2-D Gel Image Analysis Software

2-D gel image analysis software has been in development
(2,23,40) since the introduction of this electrophoretic tech-
nique in the mid-1970s, and further improvements were made
in the late 1980s (4,5,22,51,53). A list of some of the commer-
cially available 2-D gel image analysis software available now is
presented in Table 1. All of these packages have been designed
to digitize images from 2-D gels, detect, quantify, and identify
spots of differential intensity between gels by matching the con-
trol and the experimental gel(s), and generate reports listing the
differentially expressed protein spots. However, individual pack-
ages may apparently differ in several aspects, such as the com-

puter platform they can run on, the file format used, or the
graphical user interface. Despite some limitations of the 2-D gel
electrophoretic technique, it is currently the most widely used
approach for obtaining global quantitative information about
the expression level of all proteins in a sample that can be visual-
ized on the gel using appropriate technology (52). Protein iden-
tification using mass spectroscopy is typically performed as the
step next to 2-D gel electrophoresis. Some of the 2-D gel image
analysis packages are able to interact with automated robotic
systems to direct the excision of spots of interest for subsequent
mass spectrometry analysis. 

For setting up a commercial or high-throughput environ-
ment for proteome analysis, it is essential that the 2-D gel image
analysis software support robust database tools for storing im-
ages, as well as data from spot analysis, quantification, and iden-
tification. Furthermore, these data need to be viewed and fre-
quently clustered in the context of the experimental studies in
which they were performed. However, many of these 2-D gel
image analysis software packages lack robust integration with
the powerful relational databases that currently store most en-
terprise data. The various proprietary storage formats used by
the commercial vendors further complicate the accessibility and
on-line availability of useful information generated by the image
analysis software. However, the scenario is changing; for exam-
ple, Scimagix (San Mateo, CA, USA) has developed its 2-D gel
image analysis product, ProteinMine, on the commercial Or-
acle® relational database system (Oracle Corporation, Redwood
Shores, CA, USA) used by the company for their scientific im-
age management system (SIMS). This kind of open storage ar-
chitecture may be of significant value to laboratories seeking to
integrate with other LIMS packages they are using.

INFORMATIC AND SOFTWARE TOOLS FOR THE
PROTEIN IDENTIFICATION STAGE

Identification of Proteins by Mass Spectrometry

In a proteomics project, mass spectrometry has become the
core technology for protein identification by matching peptide
mass spectra to a sequence database (7,60). For this, a protein or
a mixture of proteins is digested with a proteolytic enzyme, usu-
ally trypsin, and the peptides analyzed using appropriate mass
spectrometric techniques. The mass spectrometric peak extrac-
tion software that converts the mass spectrometric peaks into a
list of mass values for submission to the sequence database
search engines are not covered in this article. As it stands now,
there are three different ways (described below) to use mass
spectrometric data to identify proteins by searching sequence
databases. The first of these involves determination of the mole-
cular weights of the peptides in the unfractionated digest by
mass spectrometry (MS). For the other two approaches, tandem
mass spectrometry (MS/MS) is carried out, which provides
amino acid sequence-specific fragmentation patterns of individ-
ual peptides derived from the protein. In MS/MS experiments,
initial measurement of the mass of a peptide is followed by its
fragmentation and re-analysis of fragment mass spectra. The
pattern of fragment ions produced is fairly unique for a given
peptide sequence. The value of the MS/MS spectra lies in the
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fact that the dissociation of the precursor peptide ion occurs
along known pathways. For fragmentation of protonated linear
peptides, the accepted nomenclature uses a, b, c to indicate
common types of product ions that contain the N terminus and
x, y, z for those ions that contain the C terminus. The difference
in mass between two consecutive product ions of the same letter
type represents the mass of the intervening amino acid residue.
Information from internal fragments that contain neither termi-
nus can also help establish or confirm peptide composition. The
different methods to identify proteins based on mass spectro-
metric data are as follows:

1. Peptide Mass Fingerprint or Peptide Mass Map Analysis. A set
of peptide molecular weights obtained from a proteolytic di-
gest of a protein represents a unique fingerprint. Proteins are
identified based on comparisons of peptide molecular
weights determined by mass spectrometry, with the theoret-
ical masses of peptides produced in silico by digestion of se-
quences in a target database (proteins or translated nu-
cleotides) with the same enzyme (13,31,36,42, 46,49, 61,
62). A review of the earlier literature on this subject with
special reference to database searching is available (15). 

2. Peptide Sequence or Peptide Sequence Tag Query. In this ap-
proach, peptide MS/MS data are combined with amino acid
sequence and/or composition data to identify the protein
from a protein (or nucleotide) sequence database. Usually, a
partial sequence of the peptide is manually generated by sub-
tracting the mass values of suitable fragment ions. This in-
formation together with the mass data allows for more spe-
cific probing of sequence databases (13,17,20,41,49). 

3. MS/MS Ion Search Analysis. Uninterpreted MS/MS data
from a single peptide or from a series of peptides in a com-
plete LC-MS/MS run are matched with protein sequences
in a protein (or nucleotide) sequence database to identify
proteins without any manual sequence interpretation
(17,49). The input data is usually a list of fragment ion
mass and intensity values.

For samples containing only a single protein or a mixture of a
few proteins, the peptide mass fingerprint approach is suitable.
This can be conveniently performed in a fast high-throughput
manner using a matrix-assisted laser desorption/ionization–time
of flight (MALDI-TOF) mass spectrometer. Increased mass ac-
curacy using delayed extraction usually allows for a better dis-
tinction of true hits from false positives in database correlation
searches for protein identification. Using automated systems
suitable for high-throughput analysis currently available, a pro-
tein digest can be analyzed in a MALDI-TOF mass spectrometer
and the protein identified simultaneously (i.e., in real time) by
searching a sequence database within a minute. For identifica-
tion of the components of a simple mixture of proteins using the
peptide mass fingerprint approach, it is necessary to determine
the peptide mass with high accuracy (37,62). For analysis of
more complicated protein mixtures, or for confirmation of re-
sults obtained by peptide mass fingerprint analysis, the peptide
sequence tag query or the MS/MS ion search approach is used.
In terms of protein identification, both of these offer a greater
degree of specificity than the peptide mass fingerprint approach.
However, in terms of speed, both of these methods are much
slower than the peptide mass fingerprint approach, and, in addi-
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Name of Software Source 

DeCyder 2D Analysis Amersham Biosciences (www.apbiotech.com) 

Delta2D (www.decodon.com/Solutions/Deltta2D.html) DECODON GmbH (www.decodon.com) 

GELLAB II+ (www.scanalytics.com/product/gel/Gellab.html) Scanalytics (www.scanalytics.com) 

GD Impressionist GeneData (www.genedata.com)
(www.genedata.com/products/impressionist) 

ImageMaster 2D Elite Amersham Biosciences (www.apbiotech.com) 

ImagepIQ (www.proteomesystems.com/product/profile. Proteome Systems Ltd. (www.proteomesystems.com)
asp?Category=gel+image+analysis) 

Investigator HT PC Analyzer* Genomic Solutions (www.genomicsolutions.com)
(www.genomic solutions.com/proteomics/2dgelanal.html)

Melanie 3 (www.genebio.com/Melanie.html) GeneBio (www.genebio.com)

PDQuest 2-D Analysis Software Bio-Rad Laboratories (www.bio-rad.com) 

Phoretix 2D (www.phoretix.com/products/2d_products.htm) Nonlinear Dynamics (www.nonlinear.com) 

Progenesis (www.nonlinear.com/2D/progenesis) Nonlinear Dynamics (www.nonlinear.com) 

ProteinMine (www.scimagix.com/products-ProteinMine.html Scimagix (www.scimagix.com) 

ProteomeWeaver Definiens Imaging GmbH (www.defeniens-imaging.com)
(www.definiens-imaging.com/proteomeweaver)

TotalLab (www.totallab.com) Nonlinear Dynamics (www.nonlinear.com) 

Z3 2D-Gel Analysis System (www.2dgels.com) Compugen Ltd. (www.compugen.co.il) 

*Developed in collaboration with Nonlinear Dynamics.

Table 1. Some Commercially Available 2-D Gel Image Analysis Software



tion, the sequence tag query requires manual interpretation of
data. In terms of real time for database searches, the sequence tag
approach is faster than MS/MS ion search because the former is
just a filter on the database. For “difficult” MS/MS spectra, that
is, spectra with a high level of noise, absence of fragment ion lad-
ders, etc., the MS/MS ion search is the method of choice.

Tandem mass spectrometry is usually performed in a triple-
quadrupole, quadrupole ion trap, or quadrupole time-of-flight
hybrid (Q-TOF) mass spectrometer often with on-line LC ca-
pability. A different type of instrument, the Fourier transform-
ion cyclotron resonance mass spectrometer (FTICR-MS) that
offers considerably increased sensitivity, resolution, and accuracy
for mass measurement, has enormous potential for use in pro-
teomics. It has been demonstrated that with added constraints,
the highly accurate mass of peptides (“accurate mass tags”) ob-
tained by peptide mass fingerprint analysis in this type of instru-
ment is sufficient for protein identification from correlative
database searching without the need for time-consuming tan-
dem mass spectrometric analysis (14,26). 

Several software tools for database searches using mass spec-
trometric data for protein identification are available (Table 2).
Details about many of these and issues involved in interpretation
of the results have been reviewed (7,19). Although, many of these
search engines can be used freely over the Internet, it is often nec-
essary to license these softwares for in-house use. The reasons for
doing so derive from specific requirements, such as confidential-
ity issues, ability to search custom or proprietary sequence data-
bases, need for automated or high-throughput work, or cus-
tomized import of data into a database for subsequent mining.
Among the tools described in Table 2, at least Mascot and Se-
quest can be run on computer clusters. Although the details re-
garding the computer clusters and computer farms in large-scale
industry-based proteomics projects are often proprietary, some
information is available on their scope and magnitude. For ex-
ample, it has been reported that GeneProt’s large-scale proteomic
discovery center in Geneva, Switzerland, will use 1420
Compaq Alpha-based Tru64 UNIX computer processors to
capture, store, and analyze the terabytes of proteomics data that
will be generated by 51 mass spectrometers (24).

Practical Considerations for Protein Identification from Mass
Spectrometric Data

Database search methods for identification of proteins from
mass spectrometric data usually give a score representing the
match of the experimental data with the theoretical data based
on the identified sequence in the database. The score is simply
the number of matches in some algorithms, whereas in other al-
gorithms some other criteria are used in addition. For example,
the simplest method for peptide mass fingerprint analysis is
based on ranking of the proteins in the database according to
the number of peptides matching with the experimentally deter-
mined peptide mass values. Protein sequences are arranged ac-
cording to the score and presented in a report format. For a pure
protein band on a gel, the best score often stands out from the
rest of the proteins in the list and is selected. On the other hand,
when the sample contains a mixture of proteins, each database
hit from MS/MS data, particularly those scoring below an arbi-
trary cut-off value, determined by the method used, often needs

to be independently validated. It is a difficult and time-consum-
ing task to manually sift through large amounts of data contain-
ing multiple matches to identify spectra that can be ignored be-
cause of poor signal or contaminants and to detect incorrect
database matches that can be considered as false positives. The
simplest validation for proteins identified from MS/MS data is
to check if several different peptides are found to match to the
same protein. However, for a complex mixture of proteins, quite
often a few or a single peptide from a particular protein can be
used for identification of the protein. In addition, independent
of the type of scoring system used, there is a risk of obtaining a
false identification due to random matching of peptide masses.
The probability of a false identification can be calculated if the
score-frequency for random identifications is known (7). One
approach for obtaining the latter is by computer simulations
(18). An alternative approach involves direct calculation of the
probability that a certain protein sequence matches the experi-
mental data (8,49). For high-throughput methods, where the
human scrutiny of the data is not practicable, probability-based
scoring schemes are preferred so that standard statistical confi-
dence tests can be applied. Using computer simulation, a study
on the application of chemical derivatization techniques for im-
proving the efficiency of protein identification from mass spec-
trometric data has been described (54). 

In contradistinction to automated correlative database search-
ing, it is possible to determine the amino acid sequence of pep-
tides de novo from the MS/MS data, and this typically involves
manual interpretation by expert mass spectrometrists. De novo
sequence analysis of peptides in an automated format remains an
open problem in mass spectrometry. However, algorithms being
developed for such purposes can be used to validate the results
obtained from correlative database search in an automated, high-
throughput format. One such algorithm is SHERENGA (16),
which can generate a ranked list of potential peptide sequences
from the MS/MS spectra. A similar approach (56) is based on the
premise that if the determined de novo sequences (which may be
correct or incorrect) can account for the MS/MS data better than
a database-derived sequence, then the sequence obtained from
the database search is likely to be a false positive. On the other
hand, if the database search-derived sequence accounts for the
MS/MS data better than or equal to the de novo sequences, then
it is likely to be a proper match. In another approach, the ability
of a mass spectrometric method, using per-methyl esterification
of peptides for relative quantification of proteins between two
mixtures of proteins, for automated de novo sequence derivation
from the same dataset has been described (25).

In a proteomics project aimed at identification of proteins, it
is not uncommon to find that mass spectrometric data cannot
be correlated with any sequence in the database searched. Sever-
al possible reasons for this are discussed below.

1. Absence of the sequence in the database searched. The pep-
tide(s) may be derived from novel proteins or from allelic
or strain- or species-derived variants of known proteins. It
is also possible that there may be errors in the reported se-
quence. If necessary, de novo sequence analysis of peptides
from the MS/MS spectra may be used to determine related
proteins using homology-based database search methods. A
homology-based sequence database search program,
CIDentify (57), which is a modified version of FASTA
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(47,48), has been effectively used for this purpose (56).
CIDentify can deal with the peculiarities and ambiguities
of the de novo sequence interpretation process, such as
presence of unsequenced dipeptide masses, mass identity of
certain dipeptides with some amino acids (e.g., Asn equals
the sum of two Gly residues), etc. 

2. The presence of unexpected co-translational or post-transla-
tional modifications as well as chemical modifications that are
artifacts of sample handling. The search engines are, in gen-
eral, capable of handling expected modified amino acid
residues. The exact way the modified amino acids are han-
dled varies with search engines. The Mascot search engine,
for example, allows searches with two types of modifica-
tions: fixed and variable. For fixed modifications it uses the

appropriate mass for the modified residue(s) for every oc-
currence of the specified residue(s). Usually any chemical
modifications introduced as part of the sample preparation
process (e.g., modification of cysteine residues) can be con-
sidered as a fixed modification. Mascot considers variable
modifications as those that may or may not be present and
tests all possible arrangements of variable modifications to
find the best match. For example, if oxidized methionine is
chosen as a variable modification for a peptide containing
2 methionine residues, it will test for a match with the ex-
perimental data for that peptide containing 0, 1, or 2 oxi-
dized methionine residues. This is particularly useful for
modifications like phosphorylation. However, the choice
of a number of variable modifications prolongs the search
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Name of Software Source 

Peptide Mass Fingerprint or Peptide Mass Map Analysis

Mascota (www.matrixscience.com) Matrix Science Ltd.

MassSearcha (cbrg.inf.ethz.ch/Server/MassSearch.html) ETH

Mowsea UK Human Genome Mapping Project Resource Centre
(www.hgmp.mrc.ac.uk/Bioinformatics/Webapp/mowse)

MS-FITa (prospector.ucsf.edu) UCSF

PepMAPPERa (wolf.bms.umist.ac.uk/mapper) UMIST 

PepSeaa (195.41.108.38/PepSeaIntro.html) Protana

PeptideSearcha (www.narrador.embl-heidelberg. EMBL
de/GroupPages/PageLink/peptidesearchpage.html)

PeptIdenta,b (www.expasy.ch/tools/peptident.html) ExPASy

ProFounda Rockefeller University and Proteometrics
(prowl.rockefeller.edu/PROWL/prowl.html), 
(also at service.proteometrics.com/prowl/profound.html)

Peptide Sequence or Peptide Sequence Tag Query 

Mascota (www.matrixscience.com) Matrix Science Ltd.

MS-Seqa (prospector.ucsf.edu) UCSF

PepSeaa (195.41.108.38/PepSeaIntro.html) Protana

PeptideSearcha (www.narrador.embl-heidelberg.de/. EMBL
GroupPages/PageLink/peptidesearchpage.html)

TagIdenta (www.expasy.ch/tools/tagident.html) ExPASy 

MS/MS Ion Search Analysis 

Mascota (www.matrixscience.com) Matrix Science Ltd.

MS-Taga (prospector.ucsf.edu) UCSF

PepFraga (prowl.rockefeller.edu/PROWL/prowl.html) Rockefeller University

Sequestc (fields.scripps.edu/sequest) Scripps Research Institute

Sonars MS/MSa (www.proteometrics.com) Proteometrics

aAvailable for data search over the Internet.
bPeptIdent2 (now called SmartIdent) is a completely different tool from PeptIdent. PeptIdent2 (27) utilizes a rather unique ap-
proach involving a generic algorithm using a training set of protein mass spectra. However, it is not yet available on the pub-
licly available ExPASy server.

cSequest is commercially available through ThermoFinnigan, San Jose, CA, USA.

Table 2. Some Database Search Tools for Protein Identification Based on Mass Spectrometric Data



time considerably. Also, allowing too many possible modi-
fications in database search programs or the in silico test-
ing of all possible modifications tends to generate an in-
creased number of random (false-positive) matches. The
major difficulty with co-translational and post-translation-
al modifications arises from the fact that the information
that a residue is an actual or potential site for modification
is not enough; it should be possible to equate the modifica-
tion into a specific mass difference value. A software tool
called FindMod (www.expasy.ch/tools/findmod), which
can be applied for high-throughput determination of pro-
tein post-translational modification from peptide mass fin-
gerprint data, has been developed (58). It examines the
data for mass differences between empirical and theoretical
peptides to determine the post-translational modification
and can predict the amino acid residue in the peptide that
might carry the modification. A total of 29 different rules
were developed for this from 5153 incidences of post-
translational modifications documented in the SWISS-
PROT database covering 22 types of modifications.

3. The peptide is produced by an unexpected or nonspecific cleav-
age. For sequence query or a MS/MS ion search using tan-
dem mass spectrometric data, in such cases, the “no en-
zyme” option for enzyme cleavage can be used that will
involve search of each protein sequence in the database for
peptides which meet other criteria of the search. However,
this will increase the number of peptides tested by several or-
ders of magnitude with a corresponding increment in the
number of random matches. For peptide mass fingerprint
analysis, the requirement for the specificity of an enzyme is
absolute. The high degree of specificity of a MS/MS ion
search signifies that the choice of an enzyme is not essential.

4. The quality of the spectrum is poor or the spectrum originates
from a non-peptide contaminant. Sometimes, the quality of
the spectrum can be improved by purification and concen-
tration of peptide samples prior to mass spectrometric
analysis. 

Searching Different Types of Sequence Databases

To achieve maximum throughput, it is not practical to search
every set of mass spectrometric data against the largest sequence
database incorporating the widest set of modifications and with no
enzyme specificity. The goal should be to identify proteins from as
many spectra as possible using simple searches against a small but
high-quality database like SWISS-PROT. It should be noted that
many entries in SWISS-PROT are consensus sequences. The vari-
ant sequences are part of the annotations, and as a result, are
missed by the search engines. Spectra that cannot be identified can
then be searched against increasingly larger databases (e.g., non-re-
dundant “nr” protein sequence database compiled by NCBI: the
National Center for Biotechnology Information, Bethesda, MD,
USA; the non-identical MSDB protein sequence database com-
piled by the Proteomics Department, Imperial College, London,
UK; the expressed sequence tag database dbEST compiled by
NCBI, etc.) with gradually more exhaustive search parameters. A
good collection of information on relevant sequence databases and
their downloading can be found in Reference 11 and at www.
matrixscience.com/help/database_help.html.

Searching species-specific protein sequences that represent
open reading frames derived from genomic sequences is general-
ly very fast. For searching nucleotide databases, many of the
search engines are capable of translating the sequence into all six
reading frames on the fly. The problem with the dbEST database
is the fact that a large number of peptide matches are found be-
cause of the redundant nature of the database. Also, the short se-
quences in this database do not often lead to the grouping of
peptide matches into protein matches. To address this problem,
the UniGene index (www.ncbi.nlm.nih.gov/UniGene) from
NCBI has been used (12) to simplify the search results. The Uni-
Gene index has been created by BLAST analysis of GenBank se-
quences against themselves to cluster them into gene families.
The UniGene data file for several species currently available can
be downloaded from NCBI. Peptide sequence tags as well as
MS/MS ion searches have also been performed on continuous
raw genomic sequence data like that of the human genome
(12,38). It is expected that some peptides cannot be matched be-
cause of the current “draft” nature of the sequence. Another lim-
itation of such an approach is that peptide sequences spanning
the boundaries of adjacent exons will be missed. This can be cir-
cumvented if multiple peptides are identified from a protein.
However, because of the length and complexity, the standard tab-
ular report formats used by search engines are not suitable for
handling the search results. In one approach (12), the output
from the peptide match results are obtained as an EMBL/Gen-
Bank format feature table. This report may not look very user-
friendly, but the advantage is that it can now be read into a stan-
dard genome browser to view it. These investigators have used
Artemis (www.sanger.ac.uk/Software/Artemis), a JAVA-based
genome browser developed and distributed by the Sanger Cen-
tre, Cambridge, UK (Figure 1). An in-depth review on matching
peptide mass spectra to EST and genomic databases for protein
identification has been published recently (11). 

Further Development of Software Tools for Protein
Identification Stage

The software and informatic tools described above for identi-
fication of proteins from mass spectrometric data cover experi-
mental approaches that are in common use at the present time.
However, conceptual and technological advances are being con-
tinuously made on the experimental front and these are driving
the development of novel software tools. A relevant example is
quantitative analysis of complex protein mixtures by differential
isotope labeling of peptides followed by LC-MS/MS analysis,
which is currently emerging as a powerful tool in proteomics.
This technology has the potential for high sensitivity, high cov-
erage, and high throughput. Isotope-coded affinity tag (ICAT)
reagents (28) developed for this purpose are now commercially
available. Sometimes software tools in current use can be mini-
mally modified to accommodate newer techniques like the
ICAT technology. For example, the Mascot search engine now
allows analysis of ICAT experiments. When the ICAT box is se-
lected, searches are limited to cysteine-containing peptides, and
it also allows addition of heavy and light ICAT tags to the list of
variable modifications. Quite often the handling of such modi-
fications at the level of the software may not be as simple as it
might seem. It has been suggested that the same peptide con-
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taining differential isotope labels does not always co-elute in on-
line reversed-phase LC in a LC-MS/MS experiment, for which
the software should be able to stretch itself to find the corre-
sponding labeled peptide for quantitative analysis (32). The use
of new software tools, EXPRESS and INTERACT, to facilitate
ICAT data analysis has been recently described (30). A critical
evaluation of the necessity for sophisticated tools for differential
expression-directed, data-dependent scanning and real-time
database searching to enhance the capability of ICAT analyses
has been published (43). Improved data acquisition schemes
may be required to recognize the full potential of the method.

Relational Databases for Protein Identification Data
Management

Traditionally, biological sequence and other databases have
been maintained in “flat file” format, meaning usually one
record per file. Querying, indexing, maintaining, and relating
flat file database records to other relevant records have been a
major problem for biologists and bioinformaticians. A major im-

provement in the database technology has been the development
of relational databases—systems that not only support the stor-
age of many records in one database file but also define and store
relationships among the records in the database. Combined with
a powerful and consistent structured query language (SQL) and
strong indexing and programming capabilities, relational data-
bases make ideal candidates for the storage, management, and
analysis of mass spectrometry-based protein identification data.

Proteomics analyses profile proteins in a biological sample
through successive fractionation and analytical steps that lead to
a dramatic increase in the number of data points generated from
a single biological sample. A typical scenario may involve the ini-
tial immunoprecipitation of a ligand-receptor complex from a
cell or tissue extract and its subsequent separation by SDS-PAGE
or 2-D gels. This separation step is followed by excision of the
bands (or spots), and digestion with a proteolytic enzyme to pro-
duce fragments for analysis by mass spectrometry, which may in-
volve MS or MS/MS. Finally, the peptides or peptide fragments
identified by MS or MS/MS are searched against known se-
quence databases to identify potential protein candidates. The
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Figure 1. A three-part display of peptide correlation results on a portion of the genome using Artemis, a JAVA-based genome browser developed by the Sanger Cen-
tre, Cambridge, UK. The upper panel (area above the first horizontal scroll bar from the top) shows an overview that can be zoomed out to show an entire sequence as
a single strip. This section shows the forward and the complementary DNA strands and the 6 frame translation. The vertical bars represent stop codons, the yellow
blocks are exons, and the blue blocks are coding sequences. Individual Mascot peptide matches based on sequence correlation with mass spectrometric data are shown
in red. The area below this up to the next scroll bar (the middle panel) has a similar arrangement but at a high enough resolution. This portion of the display has been
zoomed to see individual nucleotide bases and amino acid residues. Below this area, in the lower panel, is a tabular view of the feature table. When a particular match
is selected, it is highlighted in all three views, and one can see the spectrum number, the sequence, the molecular weight, the Mascot score for database correlation, etc.
Thus, this allows one to zoom and pan around extremely long sequences as well as view the peptide matches found in the context of all the existing annotations. It thus
provides a powerful way to present the results of mass spectrometry-based proteome profiling of complete genomes (Artemis screen shot kindly provided by Dr. John
Cottrell, Matrix Science Ltd., London, UK).



original sample now needs to be reconstructed by combining and
analyzing potential candidates from multiple MS or MS/MS
runs. In essence, the data analysis needs to reverse the fractiona-
tion steps and relate the data to the original sample.

Despite the availability of powerful mass spectrometric data
search engines for identification of proteins in an analyte, there is
an enormous need for supporting software tools for storage and
management of the results as per the requirements described
above. A specific example relates to tandem mass spectrometric
methods for the direct identification of the components in a
complex mixture of proteins, the so-called shotgun proteomics
approach. In this application, the sample is digested directly with
trypsin followed by fractionation of the peptides using single or
multidimensional LC. Eluting peptides are analyzed by MS/MS
and the Sequest search engine is used to identify the proteins pre-
sent in the sample by correlating the MS/MS spectra with se-
quences in a target database. Since Sequest functions at the level
of individual spectra, additional tools are necessary to assemble
information at the level of proteins identified and to improve the
speed and precision of data analysis. Sequest uses a flat file, direc-
tory-based storage mechanism for its output, with relevant infor-
mation dispersed through various files. Also, the Sequest Sum-
mary tool can only coordinate the results from a single
LC-MS/MS experiment. More functional summary and com-
parison tools such as DTASelect and Contrast have been recently
developed (55). The former assembles Sequest identifications
and highlights the most significant matches, while the latter
compares DTASelect results from multiple experiments. Further
information can be obtained through the Web site DTASelect
and Contrast: Informatics for Shotgun Proteomics (fields.
Scripps.edu/DTASelect). We (D.N.C. and I.M.) have also faced
similar challenges trying to collectively summarize Sequest results
from large numbers of MS/MS runs. To overcome these limita-
tions, we developed parsing and loading tools to move the flat file
search results (currently consisting of almost 10 million parsed
flat files) to a relational Oracle database. We then developed a
custom application to query the entire dataset in a variety of
ways. This application supports the quick and easy reconstruc-
tion of results derived from multiple LC-MS/MS runs. In addi-
tion, it contains comparison tools that allow scientists to quickly
identify unique or common proteins (or peptides), across multi-
ple runs and from searches against different protein databases.

As the need for such robust data management and analysis
tools are becoming increasingly obvious, mass spectrometry in-
strument manufacturers and database search engine providers
have started to develop relational database management tools to
support their products. For example, a rapid, automated, data
archiving and retrieval system (RADARS) for high-throughput
proteomics mass spectral data processing and storage has been
recently described (21). The system can identify proteins by
database correlation of unprocessed mass spectrometry data files
followed by storage of the processed data in a relational database
for customized reporting.

DOWNSTREAM PROTEIN INFORMATICS TOOLS

The downstream protein informatics tools make the pro-
teome profiling data comprehensible. This involves further

analysis of the data involving data mining and predictions based
on computational biology. Many of these are beyond the scope
of this article. Possibly the best collection of tools for analysis of
proteomes at all levels is the publicly available ExPASy (Expert
Protein Analysis System) proteomics server (www.expasy.ch) of
the Swiss Institute of Bioinformatics. It is dedicated to the
analysis of protein sequences and structures as well as 2-D gels.

Integration of Proteome Profiling Data

Large-scale and high-throughput identification of proteins in
biological systems is now a reality. Once the proteome profile for
a particular tissue or organism is known, informatic tools are nec-
essary to understand the functional role of many of these proteins
in the biology of the organisms they originate from. It is also nec-
essary to link to the already existing biological knowledge base. A
key requirement is the availability of comprehensive, logical, and
user-friendly databases that allow the large amounts of data to be
used efficiently. One approach for proteomes identified from 2-
D gels involves the integration of 2-D gel databases (59). Several
laboratories have built master gels of proteins identified on 2-D
gels and a corresponding database containing specific data about
the identified proteins. Several such databases are available on the
World Wide Web. The WORLD-2DPAGE Index to 2-D PAGE
databases and services (www.expasy.ch/ch2d/2d-index.html)
contains extensive references to 2-D database servers, as well as to
2-D gel related servers and services. Details about creating a 2-D
database on a Web server by generating the necessary programs
and index files have been described (3,33). The Make2ddb pack-
age used for this purpose, which allows one to create a 2-D data-
base with search functions, such as by accession number, by de-
scription, by author, and by clicking on a spot, similar to
SWISS-2DPAGE, can be obtained freely (www.expasy.ch/ch2d/
make2ddb.html). A computer-assisted visual method, Flicker, for
comparing 2-D gel images across Internet databases has also been
described (39). Mining of protein data from 2-D gels and the
usefulness of a laboratory information processing system (LIPS)
have been reviewed (45).

Careful evaluation of experimental as well as predictive and
computational proteomics data and their integration with the
currently available biological knowledge is the foundation for se-
lection of drug (Figure 2), diagnostic, and vaccine targets, under-
standing of genetic diseases at the molecular level, and elucida-
tion of biological pathways and networks. The key element for
characterization of the ever-increasing number of predicted or
confirmed protein sequences is annotation or the assignment of
function to these proteins. Large publicly available databases are
necessary to record the massive amounts of data that will be col-
lected from proteomics experiments carried out with different or-
ganisms by different research groups. A related issue is develop-
ment of abilities to create such massive databases automatically
from experimental data. Integrated databases that contain anno-
tated genes and proteins with all relevant information collected
from the scientific literature are of paramount importance to gain
substantially from the massive amounts of proteome data cur-
rently being generated. Examples of such well-annotated data are
the NiceProt View of the entries in the SWISS-PROT database
(www.expasy.ch) as well as the Saccharomyces cerevisiae and
Caenorhabditis elegans proteome databases (www.proteome.
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com). The Protein Information Resource (PIR), in collaboration
with the Munich Information Center for Protein Sequences
(MIPS) and the Japan International Protein Information Data-
base, also produces a comprehensive and expertly annotated pro-
tein sequence database, the PIR-International Protein Sequence
Database. This database and search tools are available on the PIR
Web site (pir.georgetown.edu) and the MIPS Web site (www.
mips.biochem.mpg.de). Another useful resource on the human
proteome is the International Protein Index (IPI), available from
the European Bioinformatics Institute (www.ebi.ac.uk/IPI/
IPIhelp.html). IPI is assembled by automatic mapping of human
protein sequence information taken from the following five data
sources: SWISS-PROT, TrEMBL, RefSeqNPs, RefSeqXPs, and
Ensembl. TrEMBL is an automatically annotated supplement to
SWISS-PROT. RefSeqNPs and RefSeqXPs are a reference set of
protein sequences and a reference set of Homo sapiens model pro-
teins provided by the genome annotation process maintained by
NCBI, respectively. Ensembl is a joint project between EBI and
the Sanger Centre to develop a software system that produces
and maintains automatic annotation on eukaryotic genomes.
The aim of the IPI is to provide a minimally redundant yet max-
imally complete set of human proteins. Each IPI entry consists of
a cluster of related entries from the constituent databases along
with a sequence (FASTA format) and a description taken from
the master entry. With advances in functional proteomics, the

availability of databases focused on analysis of networks and flux-
es in living systems will also be an important issue. Proteomics is
one of the major providers of information for systems biology ap-
proaches (34,35), which are focused on generating an integrated
understanding of biological processes at the molecular level using
mathematical tools to extract information. Such an understand-
ing is crucial for the discovery of novel markers for diseases,
drugs, and vaccines that together will aid in the early detection as
well as effective prophylactic or therapeutic treatment.

OTHER RELATED PROTEOME INFORMATICS TOOLS

LIMS in Proteome Analysis

LIMS software packages have been used extensively in the
analytical laboratories to manage workflow, samples, and results
in a systematic and organized way. Integration with analytical
instruments, laboratory robotic devices, and a result reporting
structure has been some of the central features of LIMS pack-
ages. LIMS packages have excelled in handling large-scale sam-
ple processing and analysis needs in many industrial and phar-
maceutical laboratories performing high-throughput compound
screening. However, until recently, their utility in the proteo-
mics laboratory has not been fully realized. Advances in high-
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Figure 2. Central role of proteome profiling in our understanding of biological models and drug discovery. Biological models are developed based on our current
knowledge in biology organized in genomic and proteomic databases [6,7]. Biological models are experimentally tested using proteome profiling [1] as well as other
technologies such as gene expression profiling, functional assays, and genetic technologies. Proteome profiling technologies rely heavily on knowledge from currently
available proteomic and genomic databases [2,4] as explained in this article. In return, data from proteome profiling (protein identification, quantitation, post trans-
lational modification, interactions, etc.) greatly enrich the existing knowledge in these databases [3,5]. Structure, function, expression, and interaction data from pro-
teome profiling form the basis for the discovery of drug targets [8,9,10] whose properties can be modulated in a pharmacologically beneficial manner by drugs identi-
fied in the vast compound libraries of the pharmaceutical industry.



throughput protein production and fractionation technologies,
as well as high-throughput, large-scale MS and MS/MS for pro-
tein and peptide characterization have brought the benefits of
flexible and customizable LIMS packages for the proteomics
laboratory into consideration. LIMS packages are expensive to
acquire, customize, and maintain both in terms of financial and
human resources. Thus, they usually remain in the realm of
large pharmaceutical or academic laboratories with ample infor-
mation technology and bioinformatics resources. 

In our experience (D.N.C. and I.M.) with developing a pro-
teomics LIMS (a collaboration with Applied Biosystems, Foster
City, CA, USA), we have a better understanding of the strengths
and limitations of the technology. However, we are convinced
that the time and effort we have spent to customize the basic
SQL*LIMS package (Applied Biosystems) to reflect the pro-
teomics workflow and address the requirements of proteomics
bench scientists was worthwhile. The LIMS package not only
maintains the traditional functionality of similar systems, but
with the appropriate extensions and integration into a Web-
JAVA (J2EE) based architecture also allows for the collection,
management, and analysis of results from a variety of custom-
built proteomics and bioinformatics applications. The LIMS re-
lational database provides full support for storing, reporting, and
analyzing proteomic information, data, and results using both a
traditional client-server architecture as well as a thin Web-based
client. WorksBase software from BioRad Laboratories (Hercules,
CA, USA) is another powerful LIMS package for proteomics.

CONCLUSION

In a proteomics project, large amounts of data are generated
very rapidly. The information generated by all of the processes de-
scribed for proteome profiling needs to be collated and linked to
existing information in scientific literature. The availability of
proper data analysis, visualization aids, mining, and summary
tools as well as integration of results with 2-D gel and LIMS pack-
ages is very important. One of the most important issues facing
proteomics research is that of cross-platform operability of soft-
ware tools, data integration, and data sharing. A modern pro-
teomics laboratory uses data from different sources, generated us-
ing different instruments and different scientific software. Several
groups such as the Global e-MS Consortium (information avail-
able through link in Micromass UK Limited’s home page at
www.micromass.co.uk) and the Interoperable Informatics Infra-
structure Consortium (I3C; www.i3c.org) are actively working on
these issues related to development of software tools capable of
operating across different platforms as well as common protocols
and technologies for data exchange and knowledge management.

Another informatics challenge stems from the widely recog-
nized notion that a gene product can have more than one mole-
cular function, be used in one or more biological processes, and
may be associated with multiple cellular components. Because
of this, the major challenge for automated and large-scale anno-
tation of protein function is the development of a standardized
vocabulary for names of proteins, genes, and their functions.
The Gene Ontology (GO) Consortium (www.geneontology.
org) is working to develop a dynamic controlled vocabulary ap-
plicable to all organisms to manage the accumulating and

changing knowledge of genes and the roles of their correspond-
ing proteins in cells (6).

Author’s Note: All of the universal resource locators (URLs)
listed in this article were tested and found to be functional in
February, 2002.
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