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a Systems Biology of Signal
Transduction
Models of biological signal pathways may shed light on cellular information

processing during development, physiology, disease and healing.

By Jeremy Gunawardena

ABSTRACT | Systems biology seeks to understand how the

behavior of cells and organisms arises from the collective

interactions of their component molecules. I will discuss how

signal transductionVthe process by which cells sense and

respond to external signalsVis being reconsidered from a

systems perspective. This relies on ideas and concepts from the

physical sciences coupled to new experimental strategies. I will

outline some of the challenges through work in our laboratory

on epidermal growth factor signalling.
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I . INTRODUCTION

Systems biology is the study of how biological function

emerges from the collective interactions of molecular

components. It has two broad directions. The first,

Bomics,[ arose from new technologies, among which the
microarray is best known [72], which allow biologists to

acquire data about all, or a substantial number of,

molecular components of a particular type. For the

microarray, the components are expressed genes

(Bgenomics[), while other omic technologies provide

data on proteins, protein–DNA interactions, protein–

protein interactions, lipids, metabolites, etc. [32]. The

focus here is from pathways to whole cells and on inferring
causality from statistical correlation in large data sets.

The second direction has been less visible but has

deeper historical roots in biochemistry and physiology

[26], [33], [35], [54]. It might be called Bmechanistic[
systems biology. Its focus is from small subsystems to
pathways. Instead of statistical data analysis, it uses

mathematical models to formulate hypotheses. Instead of

omic data, which is usually averaged over cell populations,

single-cell analysis is often essential (see Section IV). If

omics has too much data and not enough analysis, then

mechanistic systems biology has not enough data and

perhaps too much analysis.

In this paper, I will illustrate, from a largely mecha-
nistic standpoint, how systems biology can be used to study

signal transduction in mammalian cells. While bacteria

also have signalling pathways, and those underlying bac-

terial chemotaxis are among the best understood of all

signalling pathways, bacterial signalling has evolved to

make fast decisions in the face of an unpredictable envi-

ronment [6]. Pathways are short and decisions simple. The

cells in a multicellular organism may have the luxury of a
more predictable environment but must make more com-

plex decisionsVconstructing the organism, for instanceV
and this is reflected in the complexity of the underlying

molecular machinery. Mammalian cells are bombarded by

a spectrum of chemical signals: hormones (e.g., insulin)

operate on an organismal scale and neurotransmitters

(e.g., serotonin) operate on the scale of synapses, while

multiple cytokines (e.g., interferon) and growth factors
(e.g., epidermal growth factor) participate in cell-to-cell

signalling within tissues during embryonic development,

immune responses, and wound healing, and in disease

states like cancer.

Mammalian signal transduction is sometimes viewed as

a pipe that relays information from a cell’s membrane to its

nucleus, where it influences gene transcription [21]. Such
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a view fails to account for the multiple feedbacks, both
positive and negative, extensive scaffolding and localiza-

tion, and considerable intramolecular complexity arising

from posttranslational modifications. Our central hypoth-

esis is that, rather than being a passive pipe, a signalling

pathway undertakes active information processing: the

decision to influence gene transcription is the result of a

calculation, whose complexity is reflected in the structure

of the pathway. The approach taken to working out this
calculation is based on analogy with signal processing in

engineering but is also motivated by insights from other

areas of biology, such as bacterial chemotaxis and

neuroscience [37]. Neuroscientists, in particular, are

accustomed to thinking in terms of information processing

and have a long tradition of gaining deep insight from

mathematical models [26], [36]. This perhaps reflects the

nature of electrical signals, which can be measured with
great precision, thereby focusing attention on accounting

for the resulting quantitative patterns. Chemical signal

processing is altogether more elusive. However, it can still

be conceived of, at the level of an individual cell, as a state-

dependent transformation from input signals to output

responses within a given cellular context. Schematically

INPUTS � STATE � CONTEXT �! OUTPUTS: (1)

Such a formula serves to delineate those aspects of the

system that are important and around which this paper

will be organized. The INPUT signals are typically under

the control of the experimenter. The STATE refers to the

internal condition of the particular cell being studied,
prior to stimulation by signals, and depends on the type

of cell, its age and passage number, growth conditions,

etc. The CONTEXT refers to the external environment in

which the cell finds itself, including other cells as well as

the medium in which the cells are present. The

OUTPUTS are typically measures of cellular response

over time (see Section IV). The complex molecular

machinery within the cell implements the transformation
from INPUTS to OUTPUTS. Both the STATE and the

CONTEXT can conceal much biological subtlety.

Equation (1) is best suited to an experimental

framework based on in-vitro cell culture, in which cell–

cell interaction is (perhaps) less important than in an

intact tissue. In a tissue, the input/output behavior of each

cell may depend on the input/output behavior of its

neighbors in a complex way, so that the CONTEXT
becomes a dominant source of behavioral complexity.

In-vitro cell culture has been highly successful in the

search for signalling components because in-vitro com-

ponent behavior has usually proved highly indicative of

in-vivo physiological function. It is less clear whether the

same will be true for the behavior of systems. I will gloss

over these important issues here and assume that cells

can be prepared in a physiologically meaningful context,
within which the input/output response is reproducible.

Both omics and mechanistic approaches can be taken to

studying (1) (see Section VI). From a mechanistic

perspective, it leads us to ask how the internal molecular

mechanism within a cell implements the transformation

from input signals to output responses.

The rest of this paper is organized as follows. Work in

my laboratory focuses on epidermal growth factor (EGF)
signalling, which I will use as the main biological

example, and Section II begins with an overview of it.

I then discuss in turn the input signals (Section III), the

output responses (Section IV), and the internal molecular

mechanisms (Section V). I review in Section VI some of

the related work in signal transduction from a similar

perspective. The aim is to introduce the reader to some of

the biological background and to identify some of the
major challenges, experimental and theoretical, in under-

standing cellular information processing from a systems

perspective.

II . EGF SIGNALLING

The discovery by Cohen and Levi-Montalcini that cells

release chemicals (epidermal and nerve growth factors),
which encourage their neighbors to grow and proliferate,

opened a new window onto the complex life of

metazoan cells [11], [41]. Much subsequent work has

made the EGF pathway the best studied of all metazoan

signalling pathways. EGF is a small peptide, of 53 amino

acids in humans, which binds to receptor proteins on

the outer plasma membrane of cells. Binding initiates

multiple overlapping sets of internal reactions that reach
out to other cellular systems, such as the cytoskeleton,

as well as influence gene transcription in the cell’s

nucleus [91].

The EGF receptor is a member of the superfamily of

receptor tyrosine kinases [22]. Such receptors have an

external segment that binds ligands, linked through the

membrane to a cytoplasmic segment with tyrosine kinase

activity. A kinase is an enzyme that covalently modifies
residues in a substrate protein by transferring a high-

energy phosphate group from ATP. In mammalian cells,

phosphorylation takes place predominantly on serine,

threonine, and tyrosine amino-acid residues. As usual in

molecular biology, a cognate group of phosphatases

catalyse the opposite reaction by removing phosphate

groups. This reversible posttranslational modification,

discovered by Fischer and Krebs in 1955, is one of the
most important of all cellular regulatory mechanisms [18],

[38], and we discuss it further in Section V.

Receptors are dynamically maintained on the plasma

membrane, being subject to synthesis as well as internal-

ization, degradation, and recycling, which processes are

further modulated by ligand binding [40]. Binding does

not directly initiate tyrosine kinase activity. The EGF
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receptor first dimerizes, then becomes catalytically active,
and intermolecular phosphorylation takes place on at least

nine functionally significant tyrosine residues in each

monomer [73]. These act as attachment points for a range

of proteins with phosphotyrosine recognition domains [75].

Proteins are now known to be composed of a succession of

linked domains, each of which can independently fold into a

three dimensional (tertiary) structure [61]. Domains have

specific functions, such as catalytic activity or binding to
molecular components, in this case, to phosphotyrosine

sites on the receptor (SH2 and PTB domains). Adaptor

proteins like Shc and Grb2, which have SH2 domains,

accumulate on the activated EGF receptor and bring with

them yet more molecular players to assemble a complex

signalosome. This initiates several signalling pathways,

including an important member of the family of mitogen

activated protein kinase (MAPK) cascades [64]. MAPK
cascades consist of three kinases, each of which activates the

next; they play an important role in cellular information

processing [2], [28]. The final kinase in the MAPK cascade

downstream of the EGF receptor is the extracellular signal

regulated kinase (Erk), which phosphorylates several

transcription factors which then influence gene transcrip-

tion. We will examine the response of Erk to EGF

stimulation in Section IV.
The EGF receptor is one of four in the ErbB family

(ErbB1), and dimerization and phosphorylation can occur

between different family members [91]. (BErbB[ comes

from the avian erythroblastosis virus, which acquired a

truncated and oncogenic form of the EGF receptor.) EGF is

also one of several ligands that can activate ErbB family

members [25]. A mouse knockout of any one of the four

receptors is lethal in most genetic backgrounds, indicating
that they are all essential for development. Knockouts of

the ligands have milder but varied phenotypes, suggesting

some degree of redundancy. Sequence analysis finds one

homologous ErbB receptor in both thenematode worm

C. elegans and the fruit fly D. melanogaster. Two gene-

duplication events between invertebrates and mammals

produced the four receptor types seen in humans; and a

similar, if more complex, coevolution seems to have taken
place among the ligands [78]. Interestingly, duplication of

the receptors has loosened their constraints: ErbB2 is

incapable of ligand binding, while ErbB3 has an inactive

catalytic domain. Nevertheless, both receptors are impor-

tant dimerization partners.

Organismal development as well as disease states like

cancer has provided some insight into the in-vivo role of

the EGF pathway. In both C. elegans and D. melanogaster,
the EGF pathway has been implicated in fine-grained

spatial patterning: in delineating specific receptor cells in

the rhabdomeres of the fly compound eye or in selecting

individual cells in the worm vulva [19]. Omic approaches

have implicated the ErbB family in several cancers,

particularly those of epithelial origin, such as breast,

colon, and lung cancer [29], [57]. The treatment of these

solid tumors has been revolutionized by the development
of drugs that target ErbB family receptors, such as

monoclonal antibodies that block the extracellular

domain (Herceptin, Erbitux) as well as small molecule

tyrosine kinase inhibitors (Iressa, Tarceva, TykerB) [29].

Clinical trials of these have proved both exciting and

frustrating [46]. They can cause dramatic improvements

but only in a small subset of patients, perhaps reflecting a

delicate dynamic balance between prosurvival and
proapoptotic (cell death) pathways [76]. Unravelling

such dynamic phenomena provides a major motivation

for the kind of approach taken here.

III . INPUT SIGNALS

Signalling systems, whether natural or man-made, are well

adapted to processing certain signals and poorly adapted to
processing others. The human visual system, for instance,

is extraordinarily efficient at face recognition but can be

unsettled by optical illusions. Cognitive psychologists have

used such illusions to probe the functioning of the visual

system. I take the view, in keeping with this perspective,

that the molecular machinery within cells reflects the

signals that the machinery was evolved to process. Hence,

knowledge of these signals, and of the cellular response
that they elicit, is essential to interpreting the role of the

molecular machinery. Unfortunately, rather little is known

about natural signals. Endocrine hormones like insulin act

over long distances in the organism, and their levels in the

blood stream can be measured with some precision, giving

some idea of their behavior at a physiological level. Growth

factors and cytokines act over shorter distances within

tissues, through paracrine (affecting neighboring cells)
and sometimes autocrine (affecting the same cell)

signalling. While much is known about the molecular

components that respond to such signals, it has proved

difficult to measure the signals in their natural context.

Outside of neuroscience, mammalian signal transduction

has been largely the study of transduction, not signal.

One striking difference between growth factors and

neurotransmitters (or hormones like insulin) is that the
latter are secreted while the former are shed [71]. The

secretory pathway packages neurotransmitters into vesi-

cles within the cytoplasm, which, upon appropriate

stimulation, fuse with the plasma membrane and release

their contents into the extracellular space. In contrast,

EGF is first constructed as part of the extracellular

segment of a much larger protein, prepro-EGF of �2000

amino acids, which is inserted into the plasma membrane.
Upon appropriate stimulation, another membrane-bound

protein, a protease that acts as a molecular scissors, sheds

the Bectodomain[ consisting of the EGF peptide by cutting
it off its protein precursor. One may speculate that

ectodomain shedding allows release of a substantial

amount of signal, at the expense of a longer waiting time

for the membrane to be resupplied with precursor, while
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exocytosis provides a more continuous release of signal in
smaller quanta. What effect this difference makes to

information processing remains unknown.

If the natural input signals are inaccessible, cells can

still be stimulated with constructed signals. Experiments

of this kind laid the foundation for understanding bacterial

chemotaxis [6]. A bacterium like E. coli moves by rotating

helical flagella and can navigate towards an attractant or

away from a repellent by altering the frequency of
Btumbles[Vuncoordinated flagellar rotationVcompared

to Bruns[Vcoordinated flagellar rotation leading to

straight line swimming. In classic experiments, cells

were subjected to constructed temporal signals of attrac-

tant and their tumbling frequencies measured [7], [48]. It

was shown that bacteria achieve high sensitivity to spatial

gradients by temporal integration and that they adapt to

changes across a wide range of background concentrations.
Once the molecular components had been characterized

through genetics and biochemistry, mathematical analysis

was able to illuminate the molecular calculations respon-

sible for chemotactic adaptation [1], [53], [92]. Such

utilization of signals to probe the molecular machinery is

only starting to be used in eukaryotic and mammalian

signalling. For instance, Samadhani et al. used ultraviolet

uncaging of cAMP to study individual cell variability in the
chemotactic response of the slime mold D. discoideum [70],

while Reynolds et al. used microspheres coated with EGF

to uncover lateral propagation of EGFR activation in MCF7

cells [65]. In both cases, a constructed spatial signal was

used to illuminate signalling behavior.

Microspheres and photo-uncaging, however, are un-

suitable for generating complex signals. By Bcomplex[ I

mean, for instance, a sequence of rectangular pulses with
varying pulse width, interpulse spacing, and pulse

amplitude. While it is not clear that such signals are the

best choice for probing the nonlinear molecular systems

within cells, they are a reasonable starting point for

experimental exploration. Furthermore, exploring input/

output relationships requires not only reproducible

generation of complex signals but also replicated applica-

tion of such signals to cells with appropriate positive and
negative controls along with assays for cellular state at

multiple time points. Manual bench-top methods rapidly

become inadequate for such studies, and forms of

parallelization and automation become essential. Micro-

fluidic devices present an attractive option.

For biological applications, soft lithography using

polydimethylsiloxane (PDMS) has considerable advan-

tages over silicon-based microfabrication [89]. PDMS
devices are easy, cheap, and fast to make, while PDMS

itself is biocompatible, permeable to the O2, N2 and CO2

required for cell culture and transparent to the wave-

lengths used for optical and fluoresence microscopy.

Master moulds can be created by patterning photoresist

on silicon using conventional photolithography. Because

line widths are rarely less than 20 �m, photo masks can be

made with commonly available software and high resolu-
tion printers. A PDMS layer is then spin-coated and cast

from this mould. Input and output lines are punched

through the PDMS, which seals efficiently around the

holes. Single layers, bonded to a substrate like glass, can

have passive channels and chambers. Two-layer devices

allow valves to be constructed, which take advantage of the

low Young’s modulus of PDMS (7.5� 105 Pa compared to

silicon’s 1011 Pa) and its resulting elastomeric properties.
A control channel in one layer, which crosses a flow

channel in the other layer, can be pressurized so as to

deform and shut the flow channel [87]. Switching rates up

to 75 Hz are readily achieved. By varying the area over

which the control and flow channels overlap, the pressure

can be chosen so that large areas shut while small areas

remain open, allowing multiplexed control and thereby the

capability for large-scale integration [81]. Peristaltic
pumps, which allow fluids to be moved, can be built

from a sequence of valves operating suitably out of phase

with each other [87]. Despite the laminar flow at low

Reynolds number (around one, for typical velocities and

dimensions), mixing devices can also be fabricated [56],

making complex fluid handling feasible. In short, most of

the requirements for the input/output experiments

envisaged here are in place. Several pioneering studies
have demonstrated the potential of microfluidics for

undertaking a new class of biological experiments [4],

[45], [51], [60].

Fig. 1 shows the schematic of a microfluidic device

built by us in a joint project with Amarasinghe and Thorsen

at the Massachusetts Institute of Technology. This device

allows signal pulses at varying frequencies but constant

amplitude (concentration) to be generated and applied to
several chambers, each containing a small number of cells.

This design has valves and peristaltic pumps, although

some fluid movement is done by off-device pumps. The

output response is measured by antibody, as discussed

further in Section IV. This device is a prototype used for

testing and not for data collection.

As in silicon chip design, microfluidic devices of this

complexity require design rules, programming abstrac-
tions, and software tools, which free the designer from

implementation details [83]. The device in Fig. 1 does not

have an onboard mixing device and is designed to use a

fixed concentration of signalling ligand, which is made

available separately. Future devices will generate specified

concentrations as required by undertaking their own

mixing operations. Such Bmixing modules[ should be

available to the device designer as abstract components,
just as a microprocessor designer works with registers and

accumulators. Looking forward, it should be possible to

specify an entire biological experiment in language

familiar to a biologist and to then compile this into a

device design for implementing the experiment. Such

technology will revolutionize our capabilities for

performing complex biological experiments.
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IV. OUTPUT RESPONSES

Molecular mechanisms operate within individual cells.

However, common detection techniques, such as Western

blots or DNA microarrays, require a population of cells

(at least 106) and reflect, after suitable normalization,

population averages. If the underlying population distri-
bution shows a single mode with most of the distribution

reasonably close to the mean, then an average measure

may be a reasonable proxy for the distribution. On the

other hand, if the distribution is multimodal, with

different groups of cells having different levels of response,

then the mean may give a very misleading impression of

what is taking place in any individual cell.

Lahav et al. provide a striking demonstration of how
population averaging can lead to misinterpretation of

single-cell behavior [39]. Irradiation of cells with �-rays
produces a stereotyped damage response involving stabi-

lization of the tumor suppressor p53, a key cellular

transcription factor. If p53 is examined by Western blot, it

exhibits a damped oscillation following DNA damage.

However, using a p53-CFP fluorescent fusion reporter and

time-lapse fluorescence microscopy, it was found that
each cell produces a series of Bdigital[ pulses of p53,

whose heights and durations are independent of the

amount of DNA damage but whose number increases with

increasing damage. Because different cells generate

different numbers of pulses and show variation in phase,

the population average smears out the digital pulses to a

damped oscillation. While signalling dynamics are not

always so unusual, it is critically important to know

whether or not the average response is representative of

the population distribution. We will consider this for the
EGF pathway to illustrate the issues that arise.

EGF stimulation has multiple effects prior to gene

transcription, among which changes in the phosphoryla-

tion state of pathway components are particularly signif-

icant. The MAP kinase Erk is activated by double

phosphorylation through the MAPK cascade and phos-

phorylates in turn several transcription factors. It serves as

a convenient endpoint for the cytoplasmic portion of the
EGF signalling response. The problem of measuring

phosphorylation state raises a number of general issues

about how molecular states can be detected and quantified.

A fluorescent fusion reporter, as used in [39], can

indicate whether or not the tagged protein is present and

where it is in a cell. Localization is sometimes controlled

by phosphorylation state, which can then be used as a

proxy for it. One major advantage of fluorescent proteins,
which have revolutionized cellular imaging, is that they

can be genetically encoded and introduced into cells by

transfection. However, such exogenous introductions can

be substantially overexpressed in comparison to their

Fig. 1. Prototype device for characterizing input/output behavior, showing a 4 � 4 array of cell chambers with flow channels in blue and

control channels in red. This device can generate an input signal of approximately rectangular pulses at fixed amplitude (concentration),

interspersed with buffer, at varying frequencies. The signal is applied from the left to all rows simultaneously, using peristaltic pumps,

whose three valves are annotated. Each row can be separately fixed and permeabilized, through the flow lines on the left, allowing

four time points to be obtained. Cells are normally maintained in starvation buffer for 24 hours prior to stimulation. Output is

measured with antibodies, as described in Section IV. Ab = antibody, buf. = buffer, PBS = phosphate-buffered saline buffer.
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native counterparts, particularly when coupled to strong
viral promoters, and this can disturb the natural dynamics

of the system being studied [5]. Chromosomal replacement

of the corresponding gene under its natural promoter can

avoid such difficulties, but homologous replacement of this

kind is difficult to undertake in many mammalian cells.

Yeast has the advantage in this respect, being much more

genetically tractable.

An alternative approach is to introduce a separate sensor
that can detect the protein state to be measured. This may

interfere less with the system under study. Sensors based on

fluorescence resonance energy transfer (FRET) have been

used to detect activation of kinases [66], [86]. Since some

kinases like Erk are activated by phosphorylation, this can,

once again, sometimes be used as a proxy for phosphoryla-

tion state. FRET sensors are also genetically encoded. They

work by exposing a short phosphorylatable peptide motif
that is attractive to the kinase in question, flanked at one end

by a fluorophore like YFP and at the other end by a phospho-

peptide binding domain followed by a second fluorophore

like CFP. If the kinase is activated, it phosphorylates the

peptide. The phosphopeptide binding domain then closes on

the phosphorylated residue, bringing the two fluorphopores

within their Förster radius, and quantummechanical energy

transfer (FRET) takes place [63]. If the kinase is inactive, the
peptide motif remains unphosphorylated, the fluorophores

are far apart, and little FRET is detected. Such sensors have

to be individually designed and optimized for each target

kinase, carefully balancing several competing design

objectives. An Erk sensor with reasonable signal/noise ratio

has yet to be developed. Furthermore, such sensors couple

their own dynamics into the system being studied.While this

has not been seen as a problem for qualitative studies, it
becomes a major issue when accurate quantification is

needed. In effect, the transfer function of the sensor must be

deconvoluted from the measured signal in order to uncover

the actual signal [82]. A systematic strategy for designing and

using quantitative real-time sensors would be of great benefit

for both academic and industrial studies. Despite its im-

portance, such an engineering challenge has failed to attract

the attention of synthetic biologists [15].
While both the methods just discussed are real time and

in vivo, they cannot be used systematically to detect phos-

phorylation state. At present, this can only be done with an

antibody raised against the phospho-epitope. Antibodies

have proved invaluable for detecting phosphorylation,

although care must be taken with their specificity, particu-

larly when the phospho-epitope contains multiple phos-

phorylations. The great disadvantage of antibodies is that
cells must be fixed and permeabilized before the antibody

can get into them and do its work. Hence different stimu-

lations have to be applied to different cell populations. It

becomes harder to deconvolute the single-cell dynamics from

such data, but the population distribution can be determined.

As we see from the above discussion, there are pros and

cons with each method for detecting molecular states

within cells. No matter which method is used, it
necessarily perturbs the state being detected (sometimes

to the extent of killing the cells), and quantitative

interpretation of the results can be challenging.

We used an Applied Precision cellWoRx automated

microscope to examine EGF-stimulated Erk activation in

NIH 3T3 mouse fibroblasts. This epifluorescence micro-

scope is able to automatically image a 16 � 24 well plate at

four wavelengths, allowing a broad range of EGF
concentrations, time points, and replicates to be acquired.

We used primary antibody staining followed by secondary

antibodies conjugated to fluorescent dyes to detect total

Erk (i.e., independent of its phosphorylation state) and

Erk-pp (doubly phosphorylated and thereby activated), for

both of which good primary antibodies have been

characterized [90]. We measured, for each cell, the per-

pixel total Erk intensity and the Erk-pp intensity, summed
over all pixels in the cell. The complex pipeline of fixation,

antibody staining, microscopy, and image analysis may

introduce significant measurement error for any particular

cell, but the population distributions were reproducible

and robust to controls such as fluorophore swapping.

We found that the distribution of total Erk in the

population remains similar for all times and all EGF

concentrations. However, it is significantly long-tailed. It
is known from experiments in both E. coli and S. cerevisiae
that so-called extrinsic Bnoise,[ as opposed to intrinsic

noise, accounts for much of the cell-to-cell variability in

protein levels [12], [16]. Intrinsic noise arises from the

stochastic nature of chemical reactions: identical cells

show variation in protein levels because of random dif-

ferences in the timing of reaction events. Extrinsic noise

arises from cell-to-cell differences in basic cellular machi-
nery (RNA polymerases, ribosomes, etc.). As cells divide,

each division introduces a (presumably) random separa-

tion of the existing components between the daughter

cells, and this variation may then have further concerted

effects on the activity of protein complexes (RNA polymer-

ases, ribosomes, etc.), which contain the components.

While that much is well appreciated, there is, as yet, no

mathematical explanation for the long-tailed population
distribution seen for total Erk. We found it to be well fitted

to a log-normal, Weibull, or gamma distribution and chose

the log-normal distribution for our analysis. Log-normality

arises when independent processes act multiplicatively, as

the normal distribution arises additively, and perhaps this

provides some justification for its use here.

Antibody data are expected to reflect protein amount,

but it is concentration (i.e., amount per unit volume)
rather than amount that determines the rate of reaction.

Cells with the same concentration of protein may have

different volumes and therefore show variation in antibody

staining. Since there is no easy way to determine cell

volume without a confocal scan (automated confocal

microscopes are now available), we normalized Erk-pp

against total Erk on a per-cell basis, as previously used
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in [20]. This ratio can be considered as a function of
concentration rather than amount but does not require the

cell volume to be known. The ratio correlated well against

Erk-pp but not against total Erk, indicating that the total

Erk in the denominator acted as a normalization rather

than as a determining factor.

We found that the normalized Erk-pp distribution

could not be well-fitted to a single log-normal distribution

but became approximately bimodal in a time and dose-
dependent manner. We found it could be reasonably fitted

to a sum of two independent log-normals, and these

smoothed distributions are shown in Fig. 2. We see from

this that Erk activation is not well described by its

population average. Depending on the dose and the time,

cells fall into two subpopulations, which express broadly

different levels of normalized Erk-pp.

We explored three hypotheses to account for this
bimodality:

1) that it reflects some existing bimodality in the cell

population, such as different stages of the cell

cycle, which has been suggested as an important

source of variation in yeast [12];

2) that it reflects the nonlinearities in the signalling

pathway acting on constitutive, unimodal cell-to-

cell variation in the initial concentrations of
pathway components;

3) that it reflects the influence of cells upon each
other through some form of intercellular

communication.

We found no evidence for the first hypothesis. We believe

that much of the variation can be accounted for by the

second hypothesis. Surprisingly, statistical analysis of the

data also revealed signs of cell-cell interaction but we have,

as yet, not identified any mechanism behind this.

These findings make clear that signalling responses
must be studied at the single-cell level and that it is

necessary to understand both the mechanism within cells

and also the causes of variation from cell to cell. Turning

this around, cell-to-cell variation could prove invaluable in

identifying pathway mechanisms. Suppose that variation

arises largely from the second hypothesis above and that, if

cell–cell interaction also plays a role, it is either marginal

or can be marginalized. If the component distributions
prior to stimulation can be determined empirically, then

any proposed pathway mechanism would have to repro-

duce the dose and time-dependent response in Fig. 2 from

these initial conditions. This is a stringent requirement. It

is, however, the joint distribution that is needed for this

calculation, and this requires simultaneous measurements

of all the components. The new generation of automated

microscopes possesses broader spectral capabilities, which
will improve further in time, so it may soon prove possible

to measure the joint distribution of several components

simultaneously. Of particular interest would be compo-

nents of the EGF signalosome, such as the EGF receptor

family members and adaptor proteins like Grb2. Because

these assemble together into a functioning complex, their

joint variation from cell to cell may have a dominating

influence on the variation in pathway response.
Fig. 2 shows the response of 3T3 cells to a step change in

EGF concentration. The response to more complex signals

will provide even more insight into pathway behavior, and

this is where the microfluidics comes in. The device in

Fig. 1 is designed to use antibodies to measure the response

of two proteins to a complex temporal signal. Each row of

cell chambers can be fixed and permeabilized indepen-

dently, allowing four time points to be measured. Once all
the cells are fixed, a mixture of two primary antibodies,

such as goat anti-total Erk and rabbit anti-Erk-pp, is applied

to columns 1 and 2, and a different set of goat and rabbit

primary antibodies against a different protein is applied to

columns 3 and 4. A mixture of secondary antibodies, such

as mouse antigoat and mouse antirabbit IgG, each

conjugated to a different dye, is then applied to all four

columns, and the cells are imaged by placing the device on a
suitable epi-fluorescence microscope. Two normalized

measurements can be made at each time point, with two

replicate chambers per measurement.

Antibody measurements on microfluidic devices are

cumbersome and expensive in device area. They require

lots of plumbing, and cells cannot be followed in real time,

requiring many cell populations to resolve temporal

Fig. 2. Distributions of activated Erk in a clonal population of

NIH 3T3 cells following stimulation with 4 ng/ml EGF at the time

points (in minutes) indicated in the legend. The x-axis is a measure

of Erk-pp/Total Erk for each cell, obtained as the ratio of Alexa 647

(685 nm emission) to Alexa 555 (595 nm emission) intensities. Each

curve is obtained by fitting the probability density function (pdf)

of the raw data to a weighted sum of the pdfs of two independent

log-normal distributions. The weights are � and 1��, giving five

fitting parameters. Note, in particular, that the area under each

curve is one. Each pdf is obtained from approximately 2000 cells,

pooled from two replicate wells.
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dynamics. Live-cell sensors would be more flexible but, as
mentioned above, suitable sensors for phosphorylation

state have yet to be developed.

V. PATHWAY MECHANISMS

Several general mechanisms are discernible within the

EGF signalling pathway. Both positive and negative

feedback are present; components become localized in
different compartments, including assembly of the signa-

losome at the plasma membrane; all components are

posttranslationally modified in various ways, often on

multiple sites. These mechanisms are all intertwined with

each other. In this section, I will discuss one mechanism in

isolation, multisite phosphorylation and dephosphoryla-

tion, and examine the range of behaviors it can exhibit.

I will then speculate on how such behaviors might be
exploited for cellular information processing.

It used to be thought that prokaryotes and eukaryotes

differed in their phosphorylation chemistries, with eukary-

otes using serine, threonine, and tyrosine (S/T/Y) residues

and prokaryotes using histidine and aspartate residues in

so-called two-component systems [79]. It is now under-

stood that both mechanisms occur in all kingdoms [88].

For instance, both plants and fungi use two-component
signalling. A more significant difference is the consider-

able expansion of multisite modification in eukaryotes as

compared to prokaryotes. A recent survey of S/T/Y phos-

phorylation in B. subtilis found no more than eight sites

on any single protein and only one protein with that

many [47]. In contrast, the human tumor suppressor p53

has at least 16 functional sites [27], while the microtu-

bule associated protein tau becomes hyperphosphorylated
on 39–45 sites in patients with Alzheimer’s disease [24].

A single substrate molecule with n phosporylation sites

may be in one of 2n states. However, the downstream

response to phosphorylation does not see a single molecule

but, rather, samples the entire population. The state of the

population of substrate molecules can be described by a

frequency distribution, which gives the relative number of

each of the 2n single molecule states. This phosphoform
distribution is a mathematical object whose value is

determined at any time by the collective interactions of

the cognate kinases and phosphatases: it is a property of a

dynamical system rather than a structural property of an

individual molecule. Several lines of evidence indicate that

such an enhanced representation of phosphorylation state

is biologically significant [77], [80]. For instance, different

phosphoforms may be localized to different compart-
ments of the cell [10]. A central question is how the

kinases and phosphatases collectively regulate the phos-

phoform distribution. Measurement of it is challenging

but in joint work with Steen at Children’s Hospital, we are

developing a strategy based on liquid chromatography/

mass spectrometry to do so for substrates with low

numbers of sites.

In the absence of experimental data, conceptual
mathematical models can yield valuable insights. Consider

a system in which the kinase and the phosphatase both act

distributively, rather than processively, on the substrate.

This means that when an enzyme molecule and a substrate

molecule collide, the enzyme does at most one modifica-

tion (distributivity), rather than holding on sufficiently

long to do more than one modification (processivity).

Examples of both mechanisms are known [28], [62], [93].
This gives rise to the kind of reaction network in Fig. 3(a),

with each enzyme following a standard biochemical

scheme as in Fig. 3(b). Assuming mass-action kinetics,

this gives rise to a nonlinear dynamical system, which

describes the time evolution of the concentrations of the

various chemical species: 2n phosphoforms, 2(2n � 1)

enzyme-substrate complexes, and two free enzymes. We

introduced methods from algebraic geometry to find an
analytic solution for the steady state of this system [50],

Fig. 3. (a) Reaction network for multisite phosphorylation. The

substrate S has three phosphorylation sites. Phosphoforms are

denoted Su, where u is a 3-bit string indicating the presence or

absence (1/0, respectively) of phosphate on each site. The eight

phosphoforms are intercoverted distributively by a kinase

(adding a single phosphate, or bit, from left to right) and a

phosphatase (removing a single phosphate, or bit, from

right to left). (b) Each enzyme, denoted X, follows a standard

biochemical scheme [13], with reversible formation of an

enzyme-substrate complexes XSu and irreversible formation

of product Sv , with v having one more bit than u when X is the

kinase and one less bit when X is the phosphatase, according

to the above network. The annotations over the reactions give

the rate constants for mass-action kinetics (‘‘a’’ for association,

‘‘b’’ for breakup, and ‘‘c’’ for catalysis). ATP, ADP, and phosphate

are assumed held constant by some mechanism that is not

explicitly modelled, as is the case in vivo, and their effects

absorbed into the rate constants. A given substrate may

yield several products, but only a single enzyme substrate

complex is assumed to be formed. More general assumptions

can be made without affecting our conclusions. (c) Lisman scheme

for a bistable cellular memory in which kinase K enhances its own

phosphorylation in its active state K� [43].
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[84], [85], substantially improving upon previous models
of multisite phosphorylation [17], [23], [52], [58], [68],

[69]. We showed that there are values of the rate constants

for which the system has nþ 1 steady states if n is even and

n steady states if n is odd. In either case there are, typically,
bðnþ 2Þ=2c stable steady states, where b�c is the Bfloor[
function. In other words, the phosphoform distribution is

potentially capable of complex decision making, and the

capacity for this increases at least linearly with the number
of sites. Bistable systems have become a common theme in

systems biology [3], [31], [59], but they have always

required overt positive feedback. The multisite phosphor-

ylation system has no such overt feedback and requires

only three componentsVkinase, phosphatase, and sub-

strateVto encode an arbitrary amount of information.

Bistability for n ¼ 2 was first shown in [52], using the

Michaelis–Menten approximation. (It was subsequently
claimed in [58] that no more than bistability occurs when

n9 2 but this is incorrect, as we have just seen.) If pro-

cessivity dominates over distributivity, the maximal

number of stable states may be reduced; in the limiting

case when all phosphates are added or removed in one

collision, the system behaves as if it had only a single site

and becomes monostable.

Neuroscience provides the context for understanding
how this decision-making capacity may be used biologi-

cally. Individual neurons exhibit memory and learning

[34], in which phosphorylation mechanisms are known to

play a role. While long-term memory requires new protein

synthesis to remodel synapses and make new connections,

short-term memory is independent of protein synthesis

and must hence be implemented by some posttranslational

mechanism [34]. Crick and Lisman independently sug-
gested the phosphorylation scheme in Fig. 3(c) as a basis

for short-term neuronal memory, and Lisman showed that

it exhibits bistability [14], [43]. While this scheme is

similar in conception to that in Fig. 3(a), the latter does

not require positive feedback as soon as n9 1 and may have

more than two stable states. Subsequent work by Lisman

and others on long-term potentiation (LTP) in hippocam-

pal cells has implicated the calcium and calmodulin
dependent protein kinase, CaMKII, a multimeric protein

that is heavily expressed in synapses, as a bistable memory

based on Fig. 3(c) [44]. Intriguingly, recent experimental

data suggest that LTP may require a multibit capacity [42].

It remains to be seen whether the multisite phosphoryla-

tion mechanism described above is implicated in this.

Neuronal memory mechanisms were first uncovered by

subjecting neurons to complex input signals, such as the
learning protocols used to induce LTP (repeated high-

frequency tetanic stimulation) [34]. This brings us back

full circle to (1). While neuronal cells are highly

specialized, they use similar components and mechanisms

to all other cells, and it seems plausible that the latter may

follow similar strategies in their decision making. If so,

then the enhanced decision-making capacity of multisite

phosphorylation found above is most likely to be revealed
in the processing of sufficiently complex input signals.

A simple signal, such as a step function increase of a single

ligand, may not be sufficient to explore the system’s

broader decision-making capabilities. The characterization

of input/output behaviors, along the lines suggested in this

paper, thereby provides the context in which the

information-processing capabilities of pathway mecha-

nisms can be revealed and understood.

VI. RELATED WORK ON
SYSTEMS SIGNALLING

Signal transduction is of such interest from both a

fundamental and a clinical perspective that many efforts

are being directed towards studying it from the perspective

sketched in the Introduction, using both omics and more
mechanistic approaches. I cannot do justice to the field in

this paper, but a few pointers may help orient the reader in

the landscape.

Natarajan et al. have undertaken a comprehensive

input/output analysis of the temporal behavior of RAW

264.7 cells, a mouse macrophage cell line, in response to

22 different ligands, applied singly and in combination

[55]. The ligands were chosen to cover a cross-section of
receptor types: toll-like receptors, G-protein coupled re-

ceptors, cytokine receptors, and receptor tyrosine kinases.

The output responses included secreted cytokines, Bsecond
messengers[ like Ca2þ anions and cAMP, and the phos-

phorylation states of a panel of signalling proteins, all

assayed by population averaging. Statistical analysis of this

data shows substantial crosstalk between different ligands

and suggests that the cell’s signalling machinery is orga-
nized around a small set of core physiological responses

modulated by many ligands. Using similar methods in

HT29 cells, a human colon cancer cell line, but juxtaposing

prodeath signals like TNF-� against prosurvival signals like

EGF or insulin, Janes et al. found a similar convergence of

mixed inputs upon a core Bbasis set[ of intracellular re-

sponses [30]. The mechanistic details of how such modula-

tion and convergence is achieved can only be schematically
outlined with such omic methods and remain uncertain, as

discussed above, in the absence of single-cell information.

Colman–Lerner et al. have used genetically encoded

fluorescent reporters along with high-throughput fluores-

cence microscopy to study cell-to-cell variation in the yeast

pheromone response pathway, a prototypical G-protein

coupled receptor pathway [12]. The output responses were

the activation levels of the MAP kinases, Fus3 and Kss1,
measured by fluorescent reporters. No bimodality was found,

and the variation in response was attributed to different cells

having different capacities for transducing signals and for

expressing proteinsVin other words, to extrinsic differences

between cells that were present prior to stimulation. This is

in contrast to the bimodal variation in Erk activation

described in Section IV, which was attributed to the
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nonlinearities in the signalling pathway. The yeast cells were
in exponential growth phase with a doubling time of around

90 min, while the mammalian 3T3 fibroblasts were serum

starved prior to stimulation. Correspondingly, about half of

the variation in the yeast experiment was found to be due to

differences in cell cycle stage between cells, while no

significant amount of the variation among the mammalian

cells could be attributed to this.

The models used in both these studies are heavily
abstracted. This makes it feasible to identify a few key pa-

rameters that can account for the data, but the parameters

cannot be easily attributed to specific molecular compo-

nents. More detailed models of signalling pathways have

been built [28], and the EGF pathway, in particular, has

attracted much attention frommodel builders [8], [9], [74].

The computational infrastructures needed for managing

such complex models and the software pipelines needed for
complex multidimensional data sets are just being devel-

oped [49], [67].

Paliwal et al. used a cleverly designed microfluidic

device to subject yeast cells to pheromone concentration

gradients and found bimodality in the expression of Fus1

[60]. Fus1 is a pheromone-responsive transmembrane pro-

tein that participates in cell fusion during the mating

response. Its expression at the single cell level was moni-
tored using a fluorescent fusion. The bimodality found

here was attributed to bistability in the underlying

molecular network on the basis of a simplified model of

the feedback loops involving Fus1. The use of a micro-

fluidic device to reproducibly control signal generation,

allied to quantitative measurements and mathematical

models, exemplifies the philosophy advocated here.

VII. CONCLUSION

I have touched on some of the challenges in studying signal

transduction from a systems perspective: microfluidic

technology for manipulating complex signals is just being

developed; measurement of cellular state necessarily alters

the cellular state; cellular behavior cannot be summarized

in population averages; posttranslational modification of
proteins conceals much dynamical complexity. Much

remains to be done.

Mathematical models will continue to play an essential

role in formulating hypotheses about pathway function.

Such models are necessarily phenomenological; they are not
derived from quantum mechanical first principles but

represent plausible hypotheses about biochemical interac-

tions. They can be both complex, with many undetermined

parameters, and contingent, being subject to alteration as

assumptions change or new data become available. They

present unique challenges in model building and model

analysis, which have not been previously encountered in

physics, mathematics, or engineering [49]. Furthermore,
the dynamical systems approach taken in Section V, which

is customarily used in systems biology, represents a system

as a time evolution on a state space. It says nothing about

signals. In contrast, the systems paradigm used in electronic

engineering represents a system as a functional on a space of

signals, in which state is only implicit. Equation (1) is a

hybrid: inputs are signals while outputs are state. The theory

of such hybrid systems has yet to be developed.
Systems biology borrows ideas from the physical

sciences and presents many exciting challenges for

physical scientists. Progress, however, requires a delicate

integration of ideas and biological data. In the physical

sciences, data are cheap and ideas are priceless. In biology,

there are unsolved problems everywhere you look, and

anyone can have ideas about them. Accordingly, ideas are

cheap and data are priceless. These divergent cultural
economies come together somewhat uneasily in systems

biology. I have tried to do justice here to both. h
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