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Peptide spectra
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Peptide spectra
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Chromatograms and 
Fragmentation spectra
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Chromatograms and 
Fragmentation spectra
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Chromatograms and 
Fragmentation spectra
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>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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Quantitative Proteomics
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Calibration curve
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Why is protein quantification with 
mass spectrometry non-trivial?

Many of the steps from a protein to an ion current are 
non-predictively non-linear like:

The efficiency of the enzyme

The yield of the chromatography (some peptides do 
precipitate)

The efficiency of the electrospray

Hence, relative quantification by mass spectrometry is 
easier than absolute quantification 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The primary principles in quantitation

• Make each sample distinguishable by either:

(1) introduce mass differences between the samples

(2) perform distinct experimental runs for each sample
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Protein quantitation

LC-MS(/MS) - protein or culture 
level labeling

• SILAC (2), cell cultures, relative  

LC-MS/MS - peptide level labeling

• iTRAQ (2), peptides, relative 

• Spiked peptides (eg. AQUA) (2), 
peptides, absolute 

LC-MS(/MS) - label free

• MS Alignments (3), peptides, 
relative or absolute 

• Spectral counting (3), peptide 
fragments, relative 

Selected Reaction Monitoring

• With or without labels
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Culture-level labeling
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SILAC (in-vivo heavy isotope label)
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SILAC Mouse
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Heavy Cheese



Petide-level chemical 
modifications
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iTRAQ - MS/MS fragment (isobaric) labeling of peptides
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TMT - Yet another iso-baric label
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AQUA (peptide heavy isotope label)
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Labeled Quantification methods
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Label Free Quantification
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file compatibility, computational requirements, user friendli-
ness and data visualization, variations in the sample prepara-
tion protocols, etc., are critical software aspects that factor into
the choice of a data analysis program.5 A major advancement
in file compatibility of LC-MS data was made through the
development of generic MS file formats for proteomics data,6

which offer the possibility to import, archive, and process LC-
MS data from most mass spectrometer types into instrument-
independent analysis platforms.7–9 Another important factor
is the computation time required by the software to process
the data. Proteomics studies often span a large number of LC-
MS measurements and thus require considerable computa-
tional resources to complete data analysis within a reasonable
amount of time. While software solutions exist for distributing
computationally demanding tasks on multiple processors, it is
desirable to work with analysis routines that can be performed
on a single personal computer or are accessible as web-
deployed applications. Finally, complementary to the auto-
mated processing of large data sets in the high-throughput
mode, data visualization is important to assess the quality of
the individual processing steps carried out by the software.

Along with the evolution of MS instruments, different
strategies have been undertaken to perform quantitative pro-
teomics experiments via mass spectrometry.10 Rather than
reviewing the large number of published reports on the subject,
we group the computational tools for better transparency along
the three major experimental strategies (Figure 1): (i) quanti-

fication based on spectral counting of fragment ion spectra
assigned to a particular peptide, (ii) quantification via dif-
ferential stable isotope labeling of peptides or proteins, and
(iii) label-free quantification based on the precursor ion signal
intensities. In the following sections, the three strategies will
be generally outlined, and the corresponding computational
methods will be discussed in detail. Finally, we will review
existing platforms that integrate available software tools and
outline future directions and requirements for the development
of LC-MS quantification methodology.

2. Spectral Counting of Peptide Assignments for
Semiquantitative Analysis

The concept of semiquantitative analysis was introduced for
shotgun proteomics, a method in which the instrument control
system of the mass spectrometer autonomously selects a subset
of peptide precursor ions detected in a survey scan (MS1 scan)
for collision induced fragmentation (CID) following predeter-
mined rules (typically, the 1–5 most intense precursor ions).
The quantification strategy is based on the hypothesis that the
MS/MS sampling rate of a particular peptide, i.e., the number
of times a peptide precursor ion is selected for CID in a large
data set, is directly related to the abundance of a peptide
represented by its precursor ion in the sample mixture. This
approach, also termed spectral counting,11 therefore transforms
the frequency by which a peptide is identified into a measure
for peptide abundance. Spectral counts of peptides associated
with a protein are then averaged into a protein abundance
index.11–14 Spectral counting approaches have most frequently
been used for the analysis of low to moderate mass resolution
LC-MS data and serve therefore as a convenient, fast, and
intuitive quantification strategy for the analysis of data from,
for example, QSTAR, LCQ Deca, or LTQ ion-trap instruments,
specifically, since alternative approaches (see below) are not
applicable to these data sets. Software for automated quanti-
fication via spectral counting has been developed in the form
of modules in LIMS systems,15 programming scripts,14 and
stand-alone software packages.12,16

A problem of spectral counting methods is their dependency
on the quality of MS/MS peptide identifications, because errors
in the assignment of peptides propagate directly into protein
abundance indexes. Although methods have been developed
to calculate the likelihood of MS/MS peptide assignments to
be correct,17 to our knowledge, there is no such analogous
strategy available for the estimation of error rates of protein
abundance indexes. Allet et al. weighted spectral counts by the
search score of the corresponding peptide assignment to
punish unreliable identifications and reduce the incorporation
of false positive peptide assignments into the calculation of
protein abundance indexes.15 While the assembly of spectral
counts of peptides into a protein index is unproblematic for
peptides whose sequences belong to only one protein, it is
difficult to resolve protein belongings of peptides, which map
to multiple protein sequences (as, for example, for peptides
from conserved protein regions). Statistical methods have been
developed to determine the presence of proteins in LC-MS
experiments,18 but spectral counting approaches currently lack
a robust model to resolve such ambiguities. Another critical
point in spectral counting is how spectral counts are computed
if only a small number of peptide identifications are available.
Reasons for a low number of observations of a specific peptide
are manifold and include low abundance of the protein, protein
of short sequence length, specific physiochemical properties

Figure 1. Overview of quantification approaches in LC-MS based
proteomic experiments. Different strategies to quantitatively
analyze data generated from LC-MS experiments have been
developed over the last two decades. Spectral counting computes
abundance values from the number of times a peptide was
successfully identified by tandem mass spectrometry (MS/MS)
and compares these across experiments (green). In contrast,
methods based on differential stable isotope labeling analyze
peptides from two samples X and Y in the same LC-MS run
where peptide A and its heavy isotope A* are detected by their
characteristic mass difference ∆m/z (red). Label-free quantifica-
tion extracts peptide signals by tracking isotopic patterns along
their chromatographic elution profile. The corresponding signal
in the LC-MS run 2 is then found by comparing the coordinates
m/z, Tr, and z of the peptide (blue).

reviews Mueller et al.

52 Journal of Proteome Research • Vol. 7, No. 01, 2008

Mueller et al., J. Proteome Research, 7, p. 51, 2008

Spectral counting

(1) Count the number of 
fragmentation events 
that are triggered 



emPAI (Exponentially Modified Protein Abundance Index)

emPAI = 10PAI –1 

Where PAI = Nobserved / Nobservable 

What is an ‘observable’ peptide? 
Peptides with a precursor mass between 
800-2400Da. 
There is a roughly linear relationship between 
log protein concentration and the ratio of 
‘observable’ peptides observed in range of 
3-500 fmoles. 
If you know how much total protein you 
analyzed you can derive absolute 
abundances. 

Ishihama et al. Mol Cell Proteomics (2005) 4 9 1265-1272



XIC (Extracted Ion Chromatogram)

•Measure intensity of peak during its elution off HPLC column and into the 
mass spectrometer. 
•Measure area of peak in XIC. 
•More accurate than selecting peak intensity for one given scan.  
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Label Free: 
MS Alignments

23

[Finney et al JPR 2008]



Other Acquisition Techniques
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Selected Reaction Monitoring (SRM or MRM)

25

+ Higher sensitivity (low-attomolar) 
+ Broader dynamic range (up to 5 orders of magnitude)
-  Requires known protein targets and their characteristics
-  max 200-300 measurements per run



Data Independent Analysis (DIA or SWATH)

+ Highly reproducible 
+ Broad dynamic range (~4 orders of magnitude)
+ Measures a large number of proteins per run
-  Requires known protein targets and their characteristics



Comparison of acquisition techniques

Shotgun SRM DIA

Quantifiable 
Proteins per run 1000s 100s 1000s

Reproducibility ++ ++++ +++

Sensitivity +++ ++++ +++

Dynamic 
Quantification 

Range
3-4 

magnitudes 5 magnitudes 3-4 
magnitudes



Selected Applications 

28



Identification of components 
in protein complexes

Tandem Affinity Purification 

a) An 'affinity tag' is first attached to a target 
protein (the 'bait')

b) Bait proteins are precipitated, along with its 
protein complex

c) Purified protein complexes are resolved by 
one-dimensional SDS–PAGE

d) Proteins are excised from the gel, digested 
with trypsin, and analyzed by mass 
spectrometry.

[Kumar & Snyder, 2002]



Example: Barcoding cell types with 
Cell surface–capturing (CSC)

[Wollscheid et al., Nat Biotech 2009]
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As a repository of cell surface–expressed glycoproteins does not exist
for Jurkat T-lymphocytes or any other cell type, and available anti-
bodies against cell surface proteins have never been tested on these
particular cells, many of the proteins identified in this single CSC
experiment represent new cell surface glycoprotein identifications for
this particular cell type. Finally, as these identified glycoproteins
effectively represent a ‘snapshot’, analogous to a cell surface ‘barcode’
of the Jurkat cell surface proteome under normal growth conditions,
these results also highlighted the potential of the CSC technology for
selective and multiplexed MS analysis of cell surface proteins under
changing growth conditions, following stimulation or in various
disease states.

CSC reveals cell surface topology of membrane N-glycoproteins
The CSC technology is not restricted to the identification of cell
surface proteins; it also identifies the specific glycosylation sites on
cell surface proteins. The 110 proteins identified in the experiment
described above were inferred from 313 identified peptides (Sup-
plementary Table 5 online). Of these, 289 (92%) were N-linked
glycosylation sites containing the consensus N-glycosylation NXS/T
motif (where X is any amino acid, except proline). N-linked
glycosylation sites also showed a predictable fixed mass shift (of
0.984 Da) in the MS and MS/MS spectra as a result of the
conversion of glycosylated asparagine to aspartic acid, by means
of the enzymatic deglycosylation step. This mass shift can be
observed and confirmed in a mass spectrometer with sufficient
mass accuracy and in doing so, positively identifies the N-glycosy-
lation site(s) in the original protein (Supplementary Fig. 4). As the
identified glycosylation site is expected to be on the outside of the
plasma membrane, the identification of N-linked glycosylation sites
can facilitate the prediction and confirmation of the transmem-
brane topology of cell surface proteins (data not shown). Data
obtained from all our CSC experiments combined have shown that
93.7% of identified glycopeptides contain one NXS/T motif, 6.0%
have two motifs and 0.3% have three. We have not identified
peptides with four or more glycosylation sites. Sixty percent
of identified N-linked glycosylation sites are at an NXT motif,
with the remaining 40% at an NXS motif. In turn, the glyco-
proteins identified by CSC have between one and eight unique
N-linked glycosylation sites. From these data, we conclude that
CSC-identified peptides carrying the mass shift signature within
the N-glycosylation motif represent experimentally confirmed cell
surface protein N-glycosylation sites.

CSC technology is applicable to primary cells, tissues and organs
As the initial evaluation of the CSC technology was with cultured cell
lines, we next set out to assess the performance of the CSC technology
with primary cells and tissues. A prerequisite for the CSC method is
that the critical oxidation and cell surface labeling must be done with
live cells in solution. Thus, successful application to tissues and
primary cells would first require getting viable cells into solution. As
a proof-of-principle experiment toward this goal, we applied the CSC
technology to the identification of cell surface proteins from mouse
splenic cells; protocols for making single-cell suspensions of spleno-
cytes from splenic tissues are well established. Upon applying the CSC
method to tissue-derived primary mouse splenocytes, we identified
87 proteins at a ProteinProphet protein probability Z0.9 (Supple-
mentary Table 6 online) and at a false-discovery rate of o1%. Of
these, 82 proteins (94%) were CSC-labeled cell surface proteins,
including 38 CD-annotated proteins. These 87 proteins were identified
by means of 282 peptides, of which 248 (88%) contained at least one
NXS/T motif (Supplementary Table 7 online). As expected, we
observed cell surface proteins that were annotated as cell-type specific.
These include known T-lymphocyte (e.g., CD3d and CD8a) and
B-lymphocyte (e.g., CD22 and CD72) markers, indicating that multi-
ple cell types were present in the primary splenocyte population. Most
of the identified cell surface glycoproteins, however, could not be
attributed to a specific cell type. In summary, these data show that the
CSC technology is equally applicable to cultured and primary cells, as
well as tissues in cases where live single-cell suspensions can be
generated, such as liver or brain.

CSC technology for quantitative cell surface protein scanning
We next investigated the integration of the CSC technology with
quantitative proteomic workflows to detect differences in the cell
surface glycoproteome between related cell types and upon perturba-
tion of a specific cell type. In the first set of experiments, cultured
Ramos B and human Jurkat T human lymphocytes were labeled with
isotopically light and heavy SILAC reagents, respectively, and the cell
surface glycoproteins were analyzed as previously described. We
identified 96 proteins at a ProteinProphet protein probability of
Z0.9 and quantified (Supplementary Table 8 online). Of these, 93
(97%) were CSC-labeled cell surface glycoproteins, including 40 CD-
annotated proteins. The 96 proteins were identified by means of 281
peptides, with 274 peptides (97%) containing one or more NXS/T
motif (Supplementary Table 9 online). Quantitative analysis of the
signal intensities of the respective isotopically labeled heavy and light
peptides also indicated which glycoproteins were expressed on the
surface of both cell types in similar amounts, which proteins were
overrepresented on Ramos B, compared with Jurkat T-lymphocytes,
and which proteins were overrepresented on the T, compared with B
lymphocytes (Fig. 4). Selected CSC protein identifications are also
indicated in Figure 4 to illustrate the capacity of the quantitative CSC
technology to detect relative cell surface protein expression differences
for known (and unknown) B- and T-cell markers. For example, CD79b
is a component of the B-cell receptor that is expressed in B cells but
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Figure 4 Cell surface glycoproteins differentially expressed on Jurkat
T versus Ramos B lymphocytes. Glycoproteins present on the cell surfaces
of both cell types in similar amounts are depicted in green. Cell surface
proteins which are upregulated on T cells versus B cells are depicted in
blue. Cell surface proteins which are downregulated in B cells versus T cells
are depicted in red. Circles indicate proteins which are CD annotated.
Squares represent proteins without CD annotation. Selected CSC-identified
proteins are labeled. Glycopeptides used to quantify all proteins are listed in
Supplementary Tables 8 and 9 online.
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Identifies 110 cell surface proteins

Prof of principle: differentiate 
Ramos B cells from Jurkat T cells


