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This manuscript provides a comprehensive review of the peptide and protein identification
process using tandem mass spectrometry (MS/MS) data generated in shotgun proteomic
experiments. The commonly used methods for assigning peptide sequences to MS/MS
spectra are critically discussed and compared, from basic strategies to advancedmulti-stage
approaches. A particular attention is paid to the problem of false-positive identifications.
Existing statistical approaches for assessing the significance of peptide to spectrum
matches are surveyed, ranging from single-spectrum approaches such as expectation
values to global error rate estimation procedures such as false discovery rates and posterior
probabilities. The importance of using auxiliary discriminant information (mass accuracy,
peptide separation coordinates, digestion properties, and etc.) is discussed, and advanced
computational approaches for joint modeling of multiple sources of information are
presented. This review also includes a detailed analysis of the issues affecting the
interpretation of data at the protein level, including the amplification of error rates when
going from peptide to protein level, and the ambiguities in inferring the identifies of sample
proteins in the presence of shared peptides. Commonly used methods for computing
protein-level confidence scores are discussed in detail. The review concludes with a
discussion of several outstanding computational issues.
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1. Introduction

More than a decade after the beginning of rapid expansion in
proteomic technologies and applications, proteomics remains
a fast growing field. Generally defined, proteomics is an
integrative study of proteins, and their biological functions
and processes. An overarching goal of proteomics is to achieve
complete and quantitative analysis of the proteome of a
species, including the sub proteomes of various cells or tissue
types in the case of multi-cellular organisms. This also
includes the reconstruction of protein interaction networks
and protein complexes and their dynamic changes, cellular
localization analysis, delineation of kinase — substrate
relationships, and many other biological applications [1].

While there exist a number of alternative proteomics
strategies (e.g. protein array based methods [2]), mass
spectrometry (MS)-based strategies have become the method
of choice for both identification and quantification of proteins
inmost studies. In this regard, the last several years have been
particularly exciting for the field. With the advent of new MS
instrumentation, alternative fragmentation mechanisms, and
advanced data acquisition strategies, the throughput and the
depth of the proteomic analysis have improved by an order of
magnitude compared to earlier applications. This has enabled
many powerful proteomic applications, including global
analysis of post-translational modifications [3], large-scale
reconstruction of protein interaction networks [4], and deep
quantitative proteome profiling of model organisms [5].
Significant efforts are being made to introduce proteomic

technologies in clinical and translational research [6]. MS-
based proteomics is now increasingly applied in the context of
systems biology studies where it is used in parallel with other
technologies such as gene expression analysis and metabo-
lomics. MS-based findings are being increasingly annotated in
knowledge repositories such as UniProt. MS-specific reposito-
ries are also quickly growing, with new resources for various
domain applications such as phosphoproteomics being con-
stantly created [7].

Proteomics, like all high-throughput technologies, is ex-
tremely dependent on the ability to quickly and reliably analyze
large amounts of experimental data. In the absence of robust
statistical and computational methods, proteomic datasets
contain significant numbers of false positives [8–13], and
statements referring to computational analysis of MS/MS data
as e.g. “the Achilles heels of proteomics” are common in the
literature [14]. The high rate of false positives in early proteomic
publicationswas so alarming to the scientific community that it
lead to the establishment of specific data analysis guidelines by
the Editorial Boards of the leading proteomic journals [15]. In
recentyears, therehasbeenasubstantial progress inaddressing
the most immediate proteomic data analysis needs. Several
commercial and open source data analysis pipelines became
available and allowed faster and more transparent analysis of
proteomic data than previously possible. At the same time, the
dramatic change in the size, diversity, and context in which
proteomic datasets of today are generated creates a need for a
survey and detail discussion of the existing and emerging
computational strategies. In this manuscript, we review the
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