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Recent technological advances in genomics, proteomics and

bioinformatics have offered new insights into the molecular

mechanisms that underlie lymphocyte signaling and function,

and the development of new tools in these areas has opened up

new avenues for biological investigation. By adding a

quantitative dimension to lymphocyte proteome profiling,

molecular machines and spatiotemporal regulatory processes

can now be analyzed using such discovery-driven approaches.

Biologists employing genomic and proteomic tools are gathering

data at increasing speed and their struggle to extract maximal

biological information is helped by new software tools that

enable the detailed comparison of multiple datasets.
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Abbreviations
ICAT isotope coded affinity tag

RNAi RNA interference

SILAC stable isotope labeling with amino acids in cell culture

TAP tandem affinity purification

Introduction: the coming of a ‘new biology’
Over the past few decades, reductionist approaches to the

study of biological systems have contributed greatly to

our understanding of many basic principles of cellular

biology. In lymphocyte biology, this has typically

involved the study of one gene, receptor or protein at a

time, to elucidate their role in lymphocyte biology and

signaling pathways. Recent advances in experimental

hardware and methodology have facilitated the emerg-

ence of the fields of genomics, proteomics and, through

the data these generate, the field of bioinformatics.

Furthermore, the recent and ongoing completion of

whole genome sequences, especially those for human

and mouse, have enabled the design of new types of

experiments, whereby any previously unknown protein or

gene, gene cluster or complex set of proteins can, poten-

tially, be identified via the integration of bioinformatics

tools into the experimental design [1,2].

For the immunologist, such approaches promise the

determination of all expressed genes and/or proteins in

a lymphocyte system of choice, as well as the description

of the interactions between all of the components of a

targeted signaling network, within the confines of a single

experiment. In turn, when integrated with existing

research strategies, the ability to quantitatively measure

large numbers of genes or gene products simultaneously,

offers the opportunity to ask new questions about lym-

phocyte biology and signaling. These questions would

address how and where different stimuli (and the signal-

ing networks they impinge upon) operate within the cell,

and how they interact with and potentially modulate the

output of other signaling networks that are active in the

same cell (i.e. the study of dynamic gene regulatory and

signaling networks).

Genomics
Even before the human and mouse genomic sequences

were completed, the development of chip-based DNA

microarray analyses allowed immunologists to look at

global gene expression and induction within lympho-

cytes, either cultured in vitro or isolated ex vivo from

suitable mouse model systems or human subjects. Such

studies have provided new and invaluable insights into

several long-standing and fundamental questions in

immunology, enabling not only the identification of

new key genetic signals, but also the revelation of func-

tional gene clusters, activated during T- and B-cell dif-

ferentiation, and regulating cell division, apoptosis and

cytoskeletal reorganization [3–5]. Similarly, genetic map-

ping on a genome-wide scale has provided evidence that

genes encoding for proteins that perform broadly related

functions might also be physically clustered together in

the genome sequence. In lymphocytes, for example,

genomic regions surrounding the MHC and the antigen

receptor genes for T, B and NK cells are rich in genes that

are expressed in immune cells.

Gene microarray technology has also allowed for diag-

nostic classification and prediction of a sample, according

to the gene expression profile. For example, the combi-

nation of gene expression profiling and bioinformatics was

used to refine tumor classification, resulting in a more

accurate prediction of disease course [6]. Other applica-

tions of gene expression profiling were used to diagnose

clinically distinct subgroups of diffuse large-B-cell

lymphoma [7], as well as distinguish between diffuse
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large-B-cell lymphoma patient populations with high and

low survival rates [8,9]. Similarly, the application of gene

microarray technology to B-cell memory formation [10]

and T-cell activation [11] have shown great promise for

defining such processes, in terms of induced changes in

gene expression profiles. Additionally, profiling of lym-

phomas using Lymphochip cDNA microarrays has been

applied to the elucidation of molecular predictors of

survival [12], where the gene expression signature for

proliferation was shown to be a quantitative integrator of

oncogenic events that predict survival in mantle cell

lymphoma [13�].

Other recent genomic experiments have facilitated the

identification of genes that are targeted by transcriptional

repressors. For example, Blimp-1 is a transcriptional

repressor that drives the terminal differentiation of B

cells to plasma cells. DNA-microarray analysis of changes

in B-cell gene expression induced by Blimp-1 showed

that this differentiation is accomplished by extinguishing

the mature B-cell gene expression program [14�]. Finally,

a recently developed method for genome-wide location

analysis, thus far only applied to the eukaryotic yeast

Saccharomyces cerevisiae, combined chromatin immunopre-

cipitation with DNA microarrays to determine where

on the DNA a specific protein was located [12,15]. The

application of similar methodologies to immune cells may

thus provide the foundation for a map of the many,

overlapping regulatory networks that control lymphocyte

gene expression.

From genomics to proteomics
Array and other genomic technologies can tell us which

genes are expressed in any cell or tissue, which genes are

upregulated or downregulated in response to stimulus or

environmental change, and the approximate absolute

abundance of each message through serial analysis of

gene expression (SAGE). Though powerful, these tech-

nologies are limited; they cannot tell us where expressed

proteins are localized, identify the other molecules with

which they interact, determine their state of post-transla-

tional modification, nor tell us how these properties will

change in response to different stimuli. Indeed, it has

been shown that there is not necessarily a good correlation

between message level and protein expression level

within cells [16,17]; as cellular signaling is regulated by

alterations in precisely these properties of expressed

proteins, it thus becomes necessary to study lymphocyte

proteins to fully elucidate lymphocyte signaling mech-

anisms and function.

More recently than genomics, MS-based proteomic

approaches have emerged, yielding the capability of iden-

tifying small amounts of proteins from increasingly com-

plex mixtures [18]. Unlike genomics, however, at present

there is no one single or superior proteomic platform.

Rather, the best analytical platform depends on the spe-

cific biological question. Generally, proteins will be iso-

lated from cells and then subjected to complexity

reduction, either via chromatographic or electrophoretic

fractionation, or via enrichment of a desired component,

such as membrane proteins, a particular sub-cellular com-

partment, or specific protein complex isolation via affinity

purification (for example, immunoprecipitation, DNA-

binding and so on). Protein identification is achieved

via proteolysis and analysis of resultant peptides in a mass

spectrometer, followed by database-searching to identify

the original protein(s) from which the peptides originated.

The method for this has been well reviewed elsewhere

[19] and the general strategy is summarized in Figure 1. If

mixtures of proteins are analyzed, these peptides must also

be prefractionated to maximize protein identification

because the spectrometer can only identify one peptide

at a time. This is most commonly achieved via HPLC

separation, with on-line analysis by MS (LC–MS).

The application of proteomic technologies is already

adding to our knowledge of lymphocyte signaling. For

example, proteomic analysis of proteins co-purifying with

lipid rafts identified raftlin (‘raft-linking’ protein), a new

raft-binding protein in B cells [20]. Similarly, the exten-

sive reorganization of the lipid raft proteome, following

T-cell antigen receptor triggering has been studied suc-

cessfully, using proteomics [21]. Another study of the

relationship between organelle reshaping and Ig secretion

in B lymphoma cells undergoing in vitro terminal differ-

entiation, using 2D gels and MS, has determined that B

cells anticipate their secretory role in a multistep process

by clustering proteins according to temporal expression

patterns [22�].

Another advancement is the introduction of ‘tandem

affinity purification’ (TAP) methodology, which has

substantially improved the purification and systematic

genome-wide characterization of protein complexes in

yeast [23,24]. Although the homozygous recombination

used for yeast TAP-tag constructs cannot easily be

applied to mammalian cells, a strategy has been devel-

oped in which the TAP approach can be combined with

double-stranded RNA interference (RNAi) for the isola-

tion and characterization of protein complexes from

higher eukaryotic cells [25��]. In this modification of

the TAP-tag approach, the expression of the endogenous

mRNA is downregulated via RNAi, while the exogen-

ously expressed TAG-tag construct is resistant to this

treatment. This approach allows for the detection of

individual protein–protein interactions and the subse-

quent construction of interaction networks. Multi-protein

complexes can also be visualized and analyzed directly if

stable and present in sufficient quantity. In fact, recent

improvements in 2D native PAGE/SDS–PAGE permit

the high-resolution separation of multi-protein com-

plexes from whole cellular lysates, and subsequent com-

ponent identification via LC–MS–MS [26�]. Not only
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does this technology possess the capacity to discriminate

between complexes of different sizes [27], but it also

enables the characterization of proteins as being members

of a single signaling complex (or even multiple com-

plexes) (Wolfgang W Schamel, personal communication).

Working with purified organelles, or other enriched sub-

proteomes, offers the advantage of simplifying the com-

plexity of crude cell extracts or tissue samples, thereby

maximizing the probability of detecting lower abundance

proteins in the mass spectrometer [28]. A particularly

interesting sub-cellular compartment for immunologists

is the plasma membrane, because this is where receptor

and antigen complexes reside. Unfortunately, the physi-

cochemical properties of the plasma membrane proteins

render them refractory to systematic analysis by 2D

electrophoresis (2DE). However, the application of MS

to membrane proteomics has opened up new avenues

of investigation [29]. The development of a method

employing multidimensional protein identification tech-

nology (MudPIT) has resulted in the identification of

both the soluble and membrane proteins isolated from rat

liver golgi [30�] and could readily be applied to lympho-

cytes. Other strategies for the proteomic analysis of

membrane proteins would include in vivo surface labeling

with water-soluble biotinylation reagents, followed by

cell lysis and membrane purification using affinity capture

of biotinylated membrane proteins. Such an approach has

been successfully applied to lymphocytes, leading to the

identification of more than 40 plasma membranes from

cultured lymphoma cells and more than 45 from primary

murine splenocytes [31�]. Similar approaches for cell-

surface labeling have been applied to the plasma mem-

brane sub-proteome in other cell systems, confirming the

validity and general applicability of such methodologies

[32–34].

Quantitative proteomics
Although proteomics has the ability to identify large

numbers of proteins in complex mixtures, to be able to

study cell signaling at the proteomic level, it is necessary

to have the capability to determine how proteomes or

Figure 1
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Schematic representation of protein identification strategy by MS. (a) A gel band or protein mixture (e.g. cell lysate, immune precipitated complex,

isolated organelle) is proteolyzed to yield a complex peptide mixture. Peptides are separated by strong cationic exchange chromatography and

reversed-phase HPLC. (b) Separated peptides are first detected by a survey scan (single-stage MS scan, for example, quadrupole1 (Q1) if a triple

quadrupole mass spectrometer is used). Individual peptides are then sequentially and automatically selected for specific fragmentation in a
collision cell, quadrupole 2 (Q2) in a triple quadrupole mass specrtrometer, and the resultant fragments measured in a sequencing scan in quadrupole

3 (Q3) in a triple quadrupole instrument. The fragment ion spectrum that this MS–MS process creates is similarly known as a tandem mass spectrum.

(c) This tandem mass spectrum contains sequence information for the original peptide ion. Bioinformatics software can then be used to correlate

theoretical (i.e. computer-derived) MS–MS spectra from a sequence database with the acquired data, thus identifying the peptide sequence, and

ultimately the protein(s) from which the peptides originated. In tandem mass spectrometers, in contrast to triple quadrupole instruments (such as ion

traps; quadrupole time-of-flight; tandem time-of-flight), functionally analogous steps are performed using different physical principles.

Proteomics/genomics and signaling in lymphocytes Wollscheid, Watts and Aebersold 3

www.sciencedirect.com Current Opinion in Immunology 2004, 16:1–8



sub-proteomes change, quantitatively, in response to

stimuli, in a similar fashion to genomic analyses. This

problem has been solved by the use of stable isotopic

labeling of either proteins or peptides (following proteo-

lysis). Through the introduction of either an isotopically

‘normal’ or ‘heavy’ signature in polypeptides, relative

quantification of identified peptides derived from the

proteins of two related samples, for example, resting

and activated lymphocytes, can be determined. This is

achieved by combining samples for MS analysis. The

two versions of each peptide from these samples, being

chemically identical will co-purify through any fractiona-

tion or enrichment protocol. In the spectrometer, how-

ever, these peptides can be distinguished via the

introduced mass difference. The change in the relative

abundance of the original proteins in the two samples is

thus determined from the signal intensity ratio between

these two isoforms of the peptides, derived from the

original proteins.

The first working method to achieve isotopic labeling for

quantitative proteomic experiments was based on the

introduction of the isotope signature via chemical reac-

tions, using so-called ‘isotope-coded affinity tag’ (ICAT)

reagents [35]. Since then, these reagents and other iso-

topic labeling strategies have been successfully applied to

a wide range of biological systems, including lymphocyte

signaling [36–38]. For example, a strategy employing

stable isotopic amino acids in cell culture (SILAC) was

developed to isotopically label two cell populations in vivo
and, subsequently, elucidate functional protein–protein

interactions that are regulated by epidermal growth factor

signaling [39��]. In another study, ICAT reagents were

used to study components of the yeast RNA polymerase

II preinitiation complex [40��] (Figure 2). Applying the

same strategy to study the change of transcriptional

complexes controlling b-globin expression during ery-

throid differentiation, it was shown that the shift of the

transcription factor NF-E2p18/MafK from an inactive to

an active state is correlated with a distinctive change in

the protein composition of the complex [41�]. ICAT

labeling enabled genuine protein components of the

complex to be distinguished from the large background

of non-specific protein binders, identifying, in the pro-

cess, a new, previously unknown component of the com-

plex. It is feasible that a similar strategy could be

successfully applied to the identification of the multiple

components of lymphocyte receptor and signaling com-

plexes. This ability of quantitative proteomics to distin-

guish between specific and unspecific associations of

proteins on a larger scale was also demonstrated by

applying the SILAC approach to HeLa cell lipid raft

proteins, distinguishing those with a strong affinity for

rafts from those with less affinity and those showing non-

specific co-isolation [42��]. Another recent study using the

ICAT approach identified 685 proteins co-purifying with

lipid rafts isolated from cultured T lymphocytes [43].

One other area of proteomics that is rapidly emerging is

the adaptation of chemical labeling, isotopic tagging

and affinity isolation protocols to identify and quantify

Figure 2
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The study of macromolecular complexes via quantitative proteomics.

Two strategies for the incorporation of stable isotopes into proteins are

typically used. (a) In a SILAC-based approach, two cell populations are

grown in medium containing heavy and light isotopic forms of arginine,
thus labeling all arginine-containing proteins in one cell population with a

6 kDa heavier amino acid. The protein complex or sub-proteome of

interest is enriched and purified in the second step. (b) In an ICAT-based

approach, two protein mixtures, representing different cell states, are

enriched and purified first and labeled post isolation with light and heavy

ICAT reagents, respectively. The ICAT reagent covalently reacts with

(reduced) cysteinyl sidechains in every cysteine-containing protein,

introducing a 9 kDa difference per cysteine. In both procedures, the

protein mixtures are combined and proteolyzed to peptides. In contrast

to SILAC, ICAT-labeled peptides can be isolated by use of the biotin-tag,

to reduce sample complexity. Peptides are separated by microcapillary

HPLC. An isotope-dependent mass difference of the co-eluting peptide

isoforms is measured by a scanning mass spectrometer. Ratios of the

original amounts of proteins from the two cell states are strictly

maintained in the peptide fragments. Relative quantification is determined

by the ratio of the ion currents for the light- and heavy-tagged peptide

pairs, as computed by suitable software tools. Protein identification data

are obtained via MS–MS of labeled peptides, as summarized in Figure 1.
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sub-proteomes, on the basis of specific post-translational

modifications [44]. Glycoproteins are of great biological

and clinical importance, especially for the identification

of diagnostic biomarkers and targets for immunotherapy

or pharmacological intervention. Furthermore, because

many cell surface proteins are glycosylated, such

approaches can be used to characterize lymphocytes,

possibly with a view to determining cell subtype, differ-

entiation state and so on. Two methods for the identifica-

tion of N-linked glycopeptides in complex biological

samples have been reported to date. The first approach

is based on lectin-column mediated affinity capture [45�].
The second approach involves covalent conjugation of

glycoproteins to a solid support [46�]. Covalent conjuga-

tion of glycopeptides, in combination with an enzymatic

release step, allows for a stringent purification procedure,

which adds selectivity and permits the identification of

the actual glycosylation site. Such approaches are readily

adaptable to the characterization of lymphocyte surface

markers, as well as induced shedding and/or secretion of

glycoproteins by lymphocytes.

Another obvious target, relevant to cellular signaling in all

cell types, is protein phosphorylation. The determination

of the way that protein phosphorylation is regulated and

the identification of the sites of phosphorylation on sig-

naling molecules is a prerequisite for understanding the

regulation of signaling pathways and networks. To this

end, several strategies for the quantitative analysis of

phosphorylation have been developed. In one approach,

a variation of the ICAT strategy was used to introduce a

biotin tag into phosphoserine and phosphothreonine resi-

dues by b-elimination and Michael reaction, enabling

enrichment and simultaneous quantification of phospho-

proteins [47]. The other approach used an N-terminal

peptide-labeling strategy for incorporation of isotopic

tags without the need for specific internal standards,

phosphorylation-specific antibodies or radioactivity [48].

However, despite these recent developments, it remains

difficult to identify the phosphorylation sites of low-

abundance phosphoproteins on a larger scale using exist-

ing technology, which might still be too immature for

widespread application to models of lymphocyte signal-

ing. The progress that has been made, to date, in phos-

phoprotein analysis by MS has been explored in more

detail in other recent reviews [49,50]. A referenced sum-

mary of currently available proteomic tools and strategies

that are most applicable to lymphocyte signaling and

biology is given in Table 1.

Translating data into biological knowledge
The distillation of biological significance from the numer-

ous volumes of data that have been generated in both

large-scale genomic and proteomic experiments perhaps

presents the greatest challenge in these fields right now.

To be of use, bioinformatics tools created to deal with

such experimental data must be capable of automated

and systematic processing, analysis, validation and pre-

sentation of such data. Tools and guidelines for modeling,

capturing and disseminating genomic data are more

advanced than those for proteomic data, and are exam-

ined elsewhere [51]. By contrast, bioinformatic tools for

the interpretation of proteomic data are still in their

infancy (summarized in Figure 3).

As a prerequisite for efficient, portable and transparent

data interpretation, it is first necessary to develop algo-

rithms that assign scores to every observation, as a form of

statistical data evaluation. New software tools have

recently been published that attempt to address this

need. Scores are assigned to peptide and protein identi-

fications, or to the quantitative component of the data

ratio — in effect, calculating the likelihood, as a function

of probability, that each observation is correct, indepen-

dent of variables such as the type of mass spectrometer

used to generate the data, the database search tool used or

the quality of the sample, and independent of subjective,

expert interpretation [52�,53–55]. The application of such

tools to large proteomic datasets has been shown to allow

for the meaningful comparison of experiments, based on

consistent and verifiable parameters [43,56].

Once collected and scored, proteomic data must be

stored, annotated and integrated with genomic data

and other information, to extract meaningful biological

information, and ultimately enable the construction of

protein interaction and signaling networks. Data reposi-

tories and standard representations of both the methods

used and the data generated in proteomic experiments

have yet to emerge [57]. Attempts to store, manage and

access the plethora of data in relational database manage-

ment systems for further biological interrogation on a

higher level include the Proteomics Experiment Data

Repository (PEDRo; http://pedro.man.ac.uk) [58] or the

Systems Biology Experiment Analysis Management

System (SBEAMS; http://db.systemsbiology.org/projects/

sbeams/). New software tools are also emerging that make

possible in silico prediction and visualization of protein

networks, derived from large-scale proteomic datasets,

either individually of from multiple sources; an example

of such bioinformatic software is Cytoscape (http://

www.cytoscape.org/). The construction of such networks

Table 1

Proteomic toolbox for immunologists

Proteomic toolbox for immunologists References

1. Glycoprotein analysis [44,45�,46�]
2. Phosphoprotein analysis [47–49]

3. Membrane protein analysis [29,30�, 31�,32–34]

4. Single protein analysis [20,21,22�,26�]

5. Quantitative protein analysis [35,37,38,39��,40��,41�,42��]

6. Organelle analysis [28]
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will help to address new questions and make predictions

that can then be tested in vivo, and the model can then be

reformulated, according to the observed experimental

results. Indeed, at least in yeast, it has been demonstrated

that simple protein networks can be measured via gen-

omic and proteomic methodologies, a model constructed

in silico, and predictions can be made about new network

connections, which were subsequently verified experi-

mentally [59]. It is thus reasonable to expect that, with

sufficiently mature analytical and bioinformatics tools and

quantitative proteomic data in hand, it will be possible to

perform similar experiments on lymphocyte signaling

networks and to predict (and test) how they react to

specific perturbations.

Conclusions
The emergence of the global analytical fields of genomics

and proteomics are clearly opening up new avenues of

investigation in many areas of biological inquiry. Perhaps

for the first time, the description of entire biological

systems, in terms of quantitative measurements of their

set of expressed genes and translated protein products is

becoming a reality. The development of new bioinfor-

matic tools to manage, display, model and disseminate

datasets of such magnitude will also allow for the con-

struction of dynamic gene–protein interaction networks

that will subsequently enable the prediction of the out-

come of any new perturbation of the system in question;

predictions that can then be tested. Although in many

cases, particularly in proteomics, these new methodolo-

gies are still being designed and validated using simpler

model systems, the implications for such systematic,

global analyses of gene–protein signaling networks in

all cell types, including lymphocytes, is clearly highly

significant. Ultimately, they will not only provide a much

more profound understanding of how individual signaling

pathways act, and the other biological processes upon

which they impinge, but will also enable accurate

Figure 3
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quantification. A protein sample is enzymatically digested to peptides that are subjected to LC–MS–MS. Resulting spectra are assigned

computationally to their best amino acid sequence matches and are quantified according to the signal size of corresponding isotopic peaks. Validation
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diagnostic and predictive evaluation of cell type, differ-

entiation state and physiological outcome, equally applic-

able to laboratory experimental models of human biology

as well as human disease itself.
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