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Overview
Mass spectrometry

• Ionization sources
• MS Technologies
• Fragmentation

Proteomics
• Why?
• Dynamic range
• Complexity
• Limitations

Peptide Identification
• Search engines

• Statistics
• Post-translational 

Modifications 
(PTMs)

Protein inference
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Mass spectrometry
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Mass spectrometry
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Ion-Sources
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Electro spray ionization

MALDI

Nobel Prize 2002
John Fenn



Separation
• Ions kept in place by AC 

current generating an electric 
field

• The ions will leave the trap as 
we increase the voltage of the 
control in order of their m/z 
(lowest first)
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Ion trap

Time of Flight (TOF) OrbiTrap
• Electrostatic attraction to 

the inner electrode is 
balanced by centrifugal 
forces.

• Detect the ions by their 
movement along the axis of 
the electrode.

• High mass accuracy 
(1–2 ppm)

http://www.youtube.com/watch?v=KjUQYuy3msA



Tandem mass spectrometry
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What do they look like?
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Time of Flight Orbitrap



Why do we need proteomics?

• We already know the sequence 
of the genome!

• We know how to measure 
transcription!

• What else do we need to know?
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Same DNA, different configuration of proteins
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https://youtu.be/jEtaqmW3ZK4

http://youtu.be/jEtaqmW3ZK4


Proteins are closer to the Phenotype
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mRNA levels correlate only weakly with protein levels

[Schwanhäusser et al. Nature 2011]

Proteinswere, on average, five timesmore stable (median half-life of
46 h) thanmRNAs (9 h) and spanned a bigger dynamic range (Fig. 2a).
Because very long (.200 h) and very short (,30min) protein half-
lives cannot be accurately quantified from our three time points, the
true dynamic range of protein stabilities may be even higher. Notably,
we foundno correlation betweenprotein andmRNAhalf-lives (Fig. 2c,
R25 0.02, log–log scale).

Absolute mRNA and protein copy numbers
We calculated absolute cellular mRNA copy numbers based on the
number of sequencing reads in theunfractionated sample in conjunction

with information on cellular mRNA content20. Absolute protein copy
numbers can be inferred from mass spectrometry data21,22. To this end,
we used the sum of peak intensities of all peptides matching to a specific
protein. When divided by the number of theoretically observable pep-
tides, this value provides an accurate proxy for protein levels (‘intensity-
based absolute quantification’ or iBAQ, see Supplementary Methods).
Levels of detected proteins spanned approximately five orders of

magnitude (Fig. 2b). Relatively few proteins had less than 100 copies
per cell, indicating that some proteins of low abundance escaped
detection. Indeed, we observed a moderate detection bias (Sup-
plementary Fig. 4) and therefore restricted our analysis to genes that
were identified at both the mRNA and protein level. In this subset,
proteins were, on average, ,900 times more abundant than corres-
ponding transcripts. Despite a huge spread, mRNA and protein levels
were clearly correlated (Fig. 2d, R25 0.41, log–log scale). This cor-
relation is considerably higher than in any previous study in mam-
mals3,4,23. An attempt to improve this correlation further by nonlinear
transformation resulted only in a marginal increase (R25 0.44,
Supplementary Fig. 5). It seems that for our data set, this is about
the maximum correlation between mRNA and protein that can be
achieved without additional information.

Reproducibility
To investigate the experimental noise we performed a second inde-
pendent large-scale experiment and measured mRNA and protein
levels and half-lives again. The overall correlation of half-lives and
levels between both replicates was good (Supplementary Fig. 6 and
Supplementary Table 1). Removing less-consistent data points did
not increase correlation between mRNA and protein levels or half-
lives (Supplementary Fig. 7). Thus, noise has little impact on the
observed correlation betweenmRNA and protein levels and half-lives.
We also validated absolute mRNA and protein copy numbers using
independent methods. For mRNA copy numbers we used the
NanoString technology, which captures and counts individual tran-
scripts without enzymatic reactions24. Correlation between sequen-
cing and NanoString data was high (r5 0.79, see also Supplementary
Fig 8a). Absolute protein quantification was validated by spike-in
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Figure 1 | Parallel quantification ofmRNA and protein turnover and levels.
a, Mouse fibroblasts were pulse labelled with heavy amino acids (SILAC, left)
and the nucleoside 4-thiouridine (4sU, right). Protein andmRNA turnover was
quantified bymass spectrometry and next-generation sequencing, respectively.
b, Mass spectra of peptides from a high- and low-turnover protein reveal

increasing heavy to light (H/L) ratios over time. c, Protein half-lives were
calculated from log H/L ratios at all three time points using linear regression.
d, Variability of linear regression slopes assessed by leave-one-out cross-
validation was small.
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Figure 2 | mRNA and protein levels and half-lives. a, b, Histograms of
mRNA (blue) and protein (red) half-lives (a) and levels (b). Proteins were on
average 5 times more stable and 900 times more abundant than mRNAs and
spanned a higher dynamic range. c, d, Although mRNA and protein levels
correlated significantly, correlation of half-lives was virtually absent.
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One protein - Many functions
Proteins undergo post-
translational modifications 
 

Proteins may have different 
functions in different 
complexes or 
compartments 

Function 1 Function 2

Function 3 Function 4
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Why don’t everybody 
do proteomics?
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Proteins concentration in yeast 
range >4 orders of magnitude
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Protein concentration in blood plasma 
range >10 orders of magnitude

[A
nd

er
ss

on
 &

 A
nd

er
ss

on
, M

C
P 

20
02

]

16

Difference between earth diameter and 1 mm is about 10 orders of magnitude 



How to define a protein?

Definition

Protein coding ORF 

Splice variant

Protein species

Cell specific  
protein species

Occurrence in Human

21,257 [Ensembl]

148,792 [Ensembl]

> 106 

> 107

PTMs

Sequence 
rearrangements, 

mutations
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Proteomic techniques

Mass spectrometry-
based approaches

Protein Arrays Enzyme-linked 
immunosorbent assay 

(ELISA)

Antibody-based 
approaches

Top-down 
proteomics

e.g.

Shotgun proteomics

e.g.
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Resolving isotopes
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Braykinin=RPPGFSPFR

200 ppm mass error

1000 ppm mass error



Different definitions of Masses
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Mass Type The sum of the molecules’ atoms’:

Nominal Mass Integer mass of the most abundant isotope

Monoisotopic Mass
Masses of unbound, ground-state, isotope 
The preferred measure for high-resolution MS

Average Mass
Average Mass given the isotopes and their natural abundance 
The preferred measure for low-resolution MS



Mass of Elements
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Element Average mass Monoisotopic Mass

C 12.0107 12

N 14.00674 14.00307

H 1.00794 1.00782

O 15.9994 15.99492

S 32.066 31.97207

Pepide ALLETYCATPAKSE, 
C65H105N15O23S   1496.682 1495.72281

monoisotopic mass is the mass of the principal (most abundant) isotope.

average mass is the average mass of all isotopes, normalized for natural abundance.



Residue mass of amino acids

etc...
The free form of the amino acids are a the equivalent of a water 
molecule heavier (~18 Da) than its residue mass 

22



The mass of a peptide

The mass m(p) of peptide p can be 
calculated as the residue mass of 
its constituent amino acids, a1...an, 
and the mass of a water molecule

m(p)=m(H2O) + ∑i=1...n m(ai) 

23

 Peptide bond formation 

Sneak preview to Bio99: 
This reaction is catalyzed 
by the rRNA (ribozyme!) 
of the large subunit of the 
ribosome at a rate of 
about 15 per second! 



Shotgun proteomics

IAMAPEPTIDER  
MGREATMATCHK  
ATRYIDENTIFYMEK
LMAKEMYDAYR

GLB4_LUMTE

COX1_LUMTE

ATP6_LUMTE

24



Chromatograms and 
Fragmentation spectra
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Peptide spectra
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Peptide Fragmentation
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R E V I EW S

apparent molecular weight of the band as determined
by gel electrophoresis, does not agree with the protein
identified, the raw data should be similarly checked.

Although experimenters usually intend to purify
proteins to homogeneity in single electrophoretic bands,
it is important to realize that such bands often contain
more than one protein.Particular care should be taken
if, in a single stained band, the protein of interest is iden-
tified by only a few peptides, whereas another protein is
identified by many peptides and much stronger MS
peaks. It is then probable that the interesting protein is a
minor contaminant and did not actually cause the stain-
ing that made the band visible. An exception to this is
keratin contamination, for example, through dust,hair
and wool sweaters, which is caused, for instance,by work-
ing without gloves. This contamination can produce
stronger peptide peaks than the protein that produced
the band.

Identifying proteins in large data sets
As a result of rapidly improving technology, the identifi-
cation of hundreds of proteins is not unusual, even in a
single project, and determining the reliability of these
protein hits is especially challenging. This is partly
because even small error rates for each of the corre-
sponding peptides can quickly add up when many
thousands of peptides are being identified. Another rea-
son is that the large-scale nature of an experiment is
often used as an excuse not to carry out any critical eval-
uation of the outcome. As a result,many large-scale pro-
teomic sequencing projects have an unknown, but

peptides identify the same protein, then this protein
identification can be accepted without further work.
However, this is not the case if the sum of many mar-
ginal peptide scores results in a seemingly significant
protein score, which is a problem that frequently results
in the erroneous identification of very large proteins
that could produce a large number of potential pep-
tides. Furthermore, generally only ‘fully tryptic’peptides
should be used in the database search — that is, pep-
tides in which the carboxy-terminal amino acid is
arginine or lysine and for which the amino acid that
precedes the peptide in the protein sequence is arginine
or lysine. Trypsin seems to be fully specific and only a
few ‘semi-tryptic’peptides are generated through pro-
tein degradation or the breakup of the peptide before
tandem MS (REF. 30). Some peptides — in particular,
small ones with less than seven amino acids — match
more than one protein in the database, and this should
be indicated by the search software and taken into
account in data interpretation. Great care should be
taken with proteins that are identified on the basis of a
single peptide identification. If the probability score is
very high, such a peptide might be sufficient to identify
a protein, provided that the data are of high quality
(that is, a high mass accuracy and signal-to-noise ratio).
In these and all other cases in which an interesting pro-
tein will be further characterized biologically, the mass
spectra should be manually inspected according to the
rules in BOX 4 before proceeding (see also
Supplementary material on peptide validation in the
online links box). If other information, such as the

Box 2 | The abc’s (and xyz’s) of peptide sequencing

Part a of the figure shows the chemical structure of
a peptide, together with the designation for
fragment ions (the
Roepstorff–Fohlmann–Biemann nomenclature)
that is used when the peptide backbone is
fragmented by imparting energy onto the
molecule69,70. In the mass spectrometers that are
used in proteomics,peptide fragmentation is
induced by collisions with residual gas, and bond
breakage mainly occurs through the lowest energy
pathways — that is, cleavage of the amide bonds.
This leads to b-ions when the charge is retained by
the amino-terminal fragment or y-ions when it is
retained by the carboxy-terminal fragment (see
figure,part b). The fragmentation process has
recently been modelled quantitatively71.
Ions are labelled consecutively from the original amino terminus am,bm and cm, in which m represents the number of

amino-acid R groups these ions contain. They are also labelled consecutively from the original carboxyl terminus z(n – m),
y(n – m) and x(n – m), in which n – m equals the number of R groups these ions contain (n is the total number of residues,or R
groups, in the peptide and m is the number of R groups that the corresponding a-,b- or c-ion would contain; see figure).
Doubly charged tryptic peptides mainly yield singly charged y- and b-ions. In addition, a-ions (loss of a C=O group or a
mass difference of 27.9949 Da relative to the b-ion) can occur,but this is normally only observed for the b2-ion, which
gives rise to the characteristic a2/b2-fragment ion pair in the lower mass range72 (see figure,part b). Apart from the ion
types shown, ‘satellite’ fragment ions due to the further loss of NH3 or H2O can be produced. These ions are designated,
for example, am – NH3 or yn – m – H2O. Fragmentation both amino-terminal to and carboxy-terminal of the same amino
acid produces immonium ions, which are diagnostic of modified amino acids such as phosphotyrosine and/or
hydroxyproline73.
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Fragmentation Spectrum
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Peptide fragmentation 
spectrum
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de Novo sequencing

[Frank et al. JPR 2007]30



>REG3A_HUMAN 
MLPPMALPSVSWMLLSCLMLLKQVQGEEPQRELPSARI
RCPKGSKAYGSHCYALFLSPKSWTDADLACQKRPSGNL
VSVLSGAEGSFVSSLVKSIGNSYSYVWIGKHDPTQGTE
PNGRGWEWSSSDVMNYFAWERNPSTISSPGHCASLSRS
TAFLRWKDYNCNVRLPYVCKFTD 
>NPC2_HUMAN 
MRFLAATFLLLALSTAAQAEPVQFKDCGSVDGVIKEVN
VSPCPTQPCQLSKGQSYSVNVTFTSNIQSKSSKAVVHG
ILMGVPVPFPIPEPDGCKSGINCPIQKDKTYSYLNKLP
VKSEYPSIKLVVEWQLQDDKNQSLFCWEIPVQIVSHL 
>ATP6_HUMAN 
MNENLFASFIAPTILGLPAAVLIILFPPLLIPTSKYLI
NNRLITTQQWLIKLTSKQMMTMHNTKGRTWSLMLVSLI
IFIATTNLLGLLPHSFTPTTQLSMNLAMAIPLWAGTVI
MGFRSKIKNALAHFLPQGTPTPLIPMLVIIETISLLIQ
PMALAVRLTANITAGHLLMHLIGSATLAMSTINLPSTL
IIFTILILLTILEIAVALIQAYVFTLLVSLYLHDNT

MLPPMALPSVSWMLLK 
CLMLLSQVQGEEPQR 
ELPSAR 
IR 
CPK 
GSK 
AYGSHCYALFLSPK 
SWTDADLACQK 
PSGNLVSVLSGAEGSFVSSLVK 
SIGNSYSYVWIGK 
HDPTQGTEPNGR 
GWEWSSSDVMNYFAWER 
NPSTISSPGHCASLSR 
…

Peptide Identification
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Peptide identification 

PSM - Peptide Spectrum Match

Normally we keep only 
the top-scoring PSM for 

each spectrum 

Target
SeqDB

Spectrum Peptide Score

PSMs

Spectra

32



Four popular search engines

• SEQUEST (Scripps, Thermo Fisher Scientific)  
http://fields.scripps.edu/sequest

• MASCOT (Matrix Science)  
http://www.matrixscience.com

• X! Tandem (The Global Proteome Machine Organization)  
http://www.thegpm.org/TANDEM

• MS-GFDB  
http://proteomics.ucsd.edu/Software/MSGFDB.html

33

http://f/
http://www.matrixscience.com/
http://www.thegpm.org/TANDEM
http://proteomics.ucsd.edu/Software/MSGFDB.html


Sequest

• First published automated spectral search engine

• Published but patented algorithm [Eng et al. JASMS 1994] 

• For each spectrum x the top 500 candidate peptides are 
selected by a fast calculated preliminary score Sp.

• The theoretical spectra y are calculated for 
each of these top candidates and a  
background normalized cross correlation 
score, Xcorr, is calculated

• A score deltaCn is provided which gives the relative  
difference between the first and second best Xcorr

• Re-implementations free for Academic users: Crux and Tide

34



Theoretical Spectrum of a peptide
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Search engine

matched_peptide(s,D) = argmax f(s,T(p))
p∈D

Observed Spectrum

Database of peptides

Scoring Function

Theoretical spectrum of p
peptide

matched_peptide(s,D) = argmax f(s,p)
p∈D

SEQUEST:

other:

36



Mascot

• Probably the most spread commercial spectral search 
engine

• Unpublished scoring function (Trade secret),

• Reports Rank, score and E-value for each PSM

• Predicts a homology threshold from database size and 
instrument accuracy which each PSM should pass

• Provides a fancy web report
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X! Tandem

• Open source, published algoritm  
[Craig & Beavis Rapid Commun. Mass Spectrom 2003]

• Scoring function, HyperScore, is build around 
the hypergeometric distribution (of number 
of matched b- and y-ions)

• Provides hyperscore and E-value for each PSM

• Relatively fast

Intensity Present 0/1
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Post Processors

XCorr

deltCn

Sp

peptide trypticity

...etc...

combined
score

39

Combinations of scores are known to give better yield than 
individual scores. Two examples are:

•PeptideProphet (LDA) [Keller et al. 2002 Anal Chem]

•Percolator (semi-supervised SVM) [Käll et al. Nat Methods 2007]



(Un)reliability of manual validation

40

(Un)reliability of Manual Validation

Manual Authenticators

Search 

Results

Correct (a*i,ation .ncorrect (a*i,ation (a*i,ation /it00e*,

[www.systemsbiology.org]

http://www.nonlinear.com


Score thresholds
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correct/incorrect target PSMs
7.5 correct

7.2 correct

6.9 correct

6.8 correct

6.7 incorrect

6.5 correct

6.4 correct

6.4 correct

6.3 incorrect

6.1 correct

6 incorrect

5.9 correct

5.7 incorrect

... ...

threshold

typescore

FDR(x) is the expectation value of the fraction of PSMs above 
threshold x that are incorrect 

2
10
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control for ...

... FDR or q value when you are interested in 
identifying a set of PSMs

... PEP when you are interested in assessing the 
quality of a particular PSM.

... p or E value in an experiment rendering one 
single spectrum.
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Target-decoy analysis

[Moore et al. JASMS 2002]

Decoy
SeqDB

Target
SeqDB

Spectrum Peptide Score

Spectrum Peptide Score

PSMs
Spectra
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Methods to generate decoy sequences

1. Shuffling sequences [Klammer et al. JPR 2006]

2. Markov models [Colinge et al. Proteomics 2003]

3. Reversing sequences [Moore et al. JASMS 2002]

4. Pseudo-Reversing sequences  
[Elias&Gygi NMeth 2007]  

Its essential that the decoy PSMs are good proxies 
for incorrect target PSMs, which makes the first 
two methods less suitable 
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Score

Fr
eq

ue
nc

y FDR=
A
B

AB

decoy PSMs target PSMs

B’

=
A

π0·B’

Using decoy PSMs to 
estimate false discovery rate 

π0 is the prior probability that a target PSM is incorrectly matched

[Käll et al. JPR 2008]

q(xt)=inf{FDR(x)}
x≤xt

xt

Pr(x≥xt, H=0)

Pr(x≥xt)
FDR(xt)=
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Some common PTMs

• Phosphorylations

• Phosphate attached to 
serine or threonine

• Glycosylations

• Glycans attached to a 
nitrogen (N-linked) of 
asparagine or arginine 
side-chains

• Accetylations

• Accetyl group 
attached to lysine or 
N-terminus
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Theoretical Spectrum of a peptide
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Theoretical Spectrum of a PTM Peptide
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Identification Post-Translational 
Modifications

• Large-scale identification of PTMs normally 
involve digestion, PTM enrichment and 
identification by MS/MS
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File format for spectral data 

Spectral data

• XML-
based: .mzXML, .mzData

• tab delimited: .ms2

Peptide Spectrum Matches

• XML-based: pepXML, 
mzIdentML

• tab delimited: .sqt
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S 45894 45894 2 1 maccoss007 2038.59 9199.5 147.1 153628
M   1  27 2040.244 0.0000  1.5881  245.6  11 34     V.YKCAADKQDATVVELTNL.T U
L YCR102C
M   2  68 2038.265 0.0116  1.5698  208.4  11 36     S.TQSGIVAEQALLHSLNENL.S U
L YGR080W
M   3  34 2039.247 0.1582  1.3369  239.3  11 36     I.NEKTSPALVIPTPDAENEI.S U
L YLR035C
M   4 322 2040.365 0.1699  1.3183  160.0   9 36     I.LKESKSVQPGKAIPDIIES.P U
L YJL126W

A nice file format converter - Proteowizard



Inferring proteins
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Shotgun proteomics

IAMAPEPTIDER  
MGREATMATCHK  
ATRYIDENTIFYMEK
LMAKEMYDAYR

GLB4_LUMTE

COX1_LUMTE

ATP6_LUMTE
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Chromatograms and 
Fragmentation spectra
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protein identification

as SEQUEST,20 Mascot,21 MS-Tag,22 and Sonar23 are used to assign
peptides to MS/MS spectra. These programs compare each
acquired MS/MS spectrum against those obtained from a se-
quence database and use various scoring schemes to find the best
matching peptide. However, they are known to produce a
significant number of incorrect peptide assignments.24 The process
of validating peptide assignments often relies on time-consuming
manual verification. This data analysis bottleneck can be signifi-
cantly reduced by adopting statistical models for validation of
peptide assignments.25

The ultimate goal of inferring protein identities based upon
peptide assignments remains a challenge, even when statistical
models are employed for validating those assignments (Figure
1). One must initially group all assigned peptides according to
their corresponding proteins in the database. This is particularly
difficult when an assigned peptide is “degenerate”, in the sense
that its sequence is present in more than a single entry in the
protein sequence database. Such cases often result from the use
of eukaryotic databases, which contain homologous and redundant

entries, and make it difficult to infer the particular corresponding
protein(s) present in the original sample.26 Once grouping is
complete, the assigned peptides corresponding to an individual
protein, and their probabilities, must be combined to compute a
single protein confidence measure that is effective at distinguish-
ing the correct from incorrect protein identifications. A particular
challenge in that regard is the detection of correct protein
identifications with only a single corresponding assigned peptide
in the data set, since the majority of incorrect protein identifica-
tions also have only one corresponding peptide.

Several software tools have been described that facilitate the
identification of proteins based upon MS/MS data. Filtering and
visualization programs such as INTERACT,27 DTAselect,28 and
CHOMPER29 simply report the list of proteins corresponding to
the peptides assigned to MS/MS spectra, without attempting to
resolve the cases of degenerate peptides or to estimate probability-
based confidence measures. Mascot and Sonar group peptides
according to their corresponding proteins and report a score for
each protein intended to indicate the confidence of the identifica-
tion. Qscore30 estimates confidence levels of protein identifications
from SEQUEST search results by taking into account the total
number of identified peptides in the data set and the number of
identified peptides corresponding to each protein. The effect of
multiple peptides on the confidence of protein identifications was
also described for a modified version of SEQUEST.31 Though the
scores provided by these tools can be used as criteria for filtering
data in order to help separate correct from incorrect protein
identifications, they provide no means to estimate the resulting
false positive error rate (fraction of proteins passing the filter that
are incorrect) and sensitivity (fraction of correct proteins passing
the filter).

In this paper, we describe a model for computing accurate
probabilities that proteins are present in a sample on the basis of
peptides assigned to MS/MS spectra acquired from a proteolytic
digest of the sample. This model has as its input a list of assigned
peptides along with probabilities that those assignments are
correct. Probabilities that peptide assignments are correct can be
obtained, for example, according to the method described in ref
25, or any alternative method, as long as they are accurate.
Furthermore, the model does not require peptide assignments to
MS/MS spectra made by database search, but should be ap-
plicable to other computational approaches developed to analyze
MS/MS spectra as well, such as those based on a combination of
de novo sequencing and database search.32-34 It computes a
probability that a protein is present by combining together the
probabilities that corresponding peptides are correct after adjust-
ing them for observed protein grouping information. The model

(20) Eng, J. K.; McCormack, A. L.; Yates, J. R., III. J. Am. Soc. Mass Spectrom.
1994, 5, 976-989.

(21) Perkins, D. N.; Pappin, D. J. C.; Creasy, D. M.; Cottrell, J. S. Electrophoresis
1999, 20, 3551-3567.

(22) Clauser, K. R.; Baker, P.; Burlingame, A. L. Anal. Chem. 1999, 71, 2871-
2882.

(23) Field, H. I.; Fenyo, D.; Beavis, R. C. Proteomics 2002, 2, 36-47.
(24) Keller, A. D.; Purvine, S.; Nesvizhskii, A. I.; Stolyar, S.; Goodlett, D. R.;

Kolker, E. OMICS 2002, 6 (2), 207-212.
(25) Keller, A.; Nesvizhskii, A. I.; Kolker, E.; Aebersold, R. Anal. Chem. 2002,

74, 5383-5392.

(26) Rappsilber, J.; Mann, M. Trends Biochem. Sci. 2002, 27, 74-78.
(27) Han, D. K.; Eng, J.; Zhou, H.; Aebersold, R. Nat. Biotechnol. 2001, 19, 946-

951.
(28) Tabb, D. L.; McDonald, W. H.; Yates, J. R. J. Proteome Res. 2002, 1, 21-

26.
(29) Eddes, J. S.; Kapp, E. A.; Frecklington, D. F.; Connolly, L. M.; Layton, M.

J.; Moritz, R. L.; Simpson, R. J. Proteomics 2002, 2, 1097-1103.
(30) Moore, R. E.; Young, M. K.; Lee, T. D. J. Am. Soc. Mass Spectrom. 2002,

13, 378-386.
(31) MacCoss, M. J.; Wu, C. C.; Yates, J. R. Anal. Chem. 2002, 74, 5593-5599.
(32) Taylor, J. A.; Johnson, R. S. Rapid Commun. Mass Spectrom. 1997, 11, 1067-

1075.
(33) Mann, M.; Wilm, M. Anal. Chem. 1994, 66, 4390-4399.
(34) Shevchenko, A.; Sunyaev, S.; Loboda, A.; Shevchenko, A.; Bork, P.; Ens,

W.; Standing, K. G. Anal. Chem. 2001, 73, 1917-1926.

Figure 1. Simplified outline of the experimental steps and flow of
the data in a typical high-throughput mass spectrometry-based
analysis of complex protein mixtures. Each sample protein (open
circle) is cleaved into smaller peptides (open squares), which can be
unique to that protein or shared with other sample proteins (indicated
by dashed arrows). Peptides are then ionized and selected ions
fragmented to produce MS/MS spectra. Some peptides are selected
for fragmentation multiple times (dotted arrows) while some are not
selected even once. Each acquired MS/MS spectrum is searched
against a sequence database and assigned a best matching peptide,
which may be correct (open square) or incorrect (black square).
Database search results are then manually or statistically validated.
The list of identified peptides is used to infer which proteins are
present in the original sample (open circles) and which are false
identifications (black circles) corresponding to incorrect peptide
assignments. The process of inferring protein identities is complicated
by the presence of degenerate peptides corresponding to more than
a single entry in the protein sequence database (dashed arrows).
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[Nesvizhskii et al. Anal Chem 2003]
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PSM/Peptide/Protein level

Spectrum 1

Spectrum 2

Spectrum 3

Spectrum 4

Spectrum 5

Peptide 1

Peptide 2
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Shared peptides 
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[MassSieve]



Quality assessment of identified proteins

Two strategies:

1. Design a probabilistic models from which 
we may infer protein level probabilities 

2. Target-decoy competition on protein 
level 
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Bayesian Approach

1 Conditional Independence of Peptides Given Proteins 
2 Conditional Independence of Spectra Given Peptides 
3 Emission of a Peptide Associated with a Present Protein 
4 Creation of a Peptide from Noise 
5 Prior Belief a Protein Is Present in the Sample 
6 Independence of Prior Belief between Proteins 
7 Dependence of a Spectrum Only on the Best-Matching Peptide 
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Find MAP estimate protein set by evaluating  
Pr(Proteins|Spectra)

[Serang et al JPR 2010]
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