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Abstract

Cancer is a complex and heterogeneous disease, not only at a genetic and biochemical level, but also at a
tissue, organism, and population level. Multiple data streams, from reductionist biochemistry in vitro to
high-throughput “-omics” from clinical material, have been generated with the hope that they encode
useful information about phenotype and, ultimately, tumour behaviour in response to drugs. While these
data stand alone in terms of the biology they represent, there is the enticing prospect that if incorporated
into systems biology models, they can help understand complex systems behaviour and provide a predic-
tive framework as an additional tool in understanding how tumours change and respond to treatment
over time. Since these biological data are heterogeneous and frequently qualitative rather than quantita-
tive, at the present time a single systems biology approach is unlikely to be effective; instead, different
computational and mathematical approaches should be tailored to different types of data, and to each
other, in order to test and re-test hypotheses. In time, these models might converge and result in usable
tractable models which accurately represent human cancer. Likewise, biologists and clinicians need to
understand what the requirements of systems biology are so that compatible data are produced for com-
putational modelling. In this review, we describe some theoretical approaches (data-driven and process-
driven) and experimental methodologies which are being used in cancer research and the clinical context
where they might be applied.
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1. Introduction

1.1. What Is Cancer, Cancer is the term applied to over 200 different diseases in which cells
and Why Do We Need acquire a set of characteristic biological properties, namely autono-
Cancer Systems mous growth, evasion of death, and the ability to invade and spread
Biology? to distant sites (metastasise) (1). The underlying cause of cancer is

genetic, with either inherited or acquired abnormalities of genes or
the control of genes giving rise to the cancerous phenotype (2).
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While cancer can arise from any cell in the body, the commonest
cancers in man (such as breast and lung, which together account
for over 83,000 new cases in the UK per annum) arise from the
epithelial cells, which line the cavities, ducts and surfaces of the
body, and are called carcinomas (to distinguish them from sarco-
mas, which are rarer cancers arising from mesenchymal cells such
as muscle cells or vascular endothelial cells). The ready isolation
and growth properties of some human carcinoma epithelial cells
in vitro have made them excellent experimental models to study
cancer for several decades, and in some cases represent patterns of
genomic aberration in human disease (3), but it is also recognised
that cell line models are imperfect representations of complex
phenotypes in vivo. This is partly because cancer cell lines may
carry more complex genetic abnormalities than those seen in vivo
as part of their acquired ability to survive in vitro. Also, simple 2D
cultures lack the cells which normally support cancerous epithe-
lium, such as stroma and blood vessels, which are intrinsic to the
tumour in vivo, and these cellular models therefore fail to repre-
sent the complex interplay between epithelium and stroma which
can influence both how cancers form and how they respond to
treatment (1). Although this additional complexity leaves theore-
ticians and experimentalists with the uncomfortable prospect of
not only trying to understand epithelial biology but also complex
tissue biology (and indeed interactions with the organism as a
whole), cancer cells do not exist in isolation and the growth,
death and invasive phenotypes seem exquisitely sensitive to the
spatial context. Therefore, tumours do not grow without new
blood vessels, and invasion does not occur without the degradation
of the extracellular matrix. Furthermore, metastases in distant
sites (such as lymph nodes or bone marrow) may have different
sensitivity to therapy than primary tumour. A further problem is
that the cancer and its environment continually evolve and change
over time, particularly in the face of therapeutic insult. These spatial
and temporal challenges need to be considered in advancing our
approach to understanding cancer and responses to therapy.

In clinical practice, the diagnosis of cancer is rarely a problem,
with histopathology still the gold standard by the microscopic
examination of stained sections of tissue. Traditionally, the objec-
tive of histopathology has been to categorise and classify disease
by grade (how closely the tumour cells resemble their normal
counterparts), or stage (how far the tumour has spread), because
this has prognostic value (4). More recently, however, there has
been a move to stratify patients for optimal therapy on the basis
of molecular biomarkers (5), so that the appropriate drug can be
given to the patient. Thus, those who are not likely to respond
should be spared ineffective therapy. The commonest clinical set-
ting where this applies is in breast cancer, where estrogen recep-
tor (ER) and HER2 protein or DNA copy number are measured
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by immunohistochemistry or Fluorescence In Situ Hybridisation
(FISH), to identify patients who should be given endocrine ther-
apy (tamoxifen or aromatase inhibitors) and trastuzumab
(Herceptin), respectively (6). Nevertheless, these markers, while
very good at excluding patients who will not respond to therapy
(high negative predictive value), are poor at identifying patients
who will respond to therapy (low positive predictive value), either
because those tumours are intrinsically resistant to that therapy or
they develop resistance over time. The empirical approach to
overcome this problem has been to measure more biological vari-
ables (usually using gene expression microarrays) and calculate
statistical associations with disease outcome, but to date the clini-
cal usefulness has been disappointing. We have already discussed
the reasons for this situation (5, 7), but essentially the current
approach to translational research by the analysis of candidate
biomarkers, even within large trials, requires re-evaluation. The
emerging evidence indicates that a failure to recognise the dynamic
properties of signalling can result in costly mistakes. For example,
a loss of feedback inhibition in tumours treated with the mam-
malian target of rapamycin (mTOR) inhibitors results in the
induction of AKT signalling, and may be responsible for the dis-
appointing efficacy of mTOR antagonists in the clinic (8).
Negative feedback signalling mechanisms are likely to contribute
to the poor efficacy of agents when studied in phase I and phase
III cancer trials and to the high rate of attrition of drugs (approxi-
mately 30% due to efficacy), which is both time-consuming and
expensive (9). Empirical testing of every possible agent or combi-
nation of agents in the preclinical or clinical setting becomes pro-
hibitively expensive and impractical.

No single experimental or theoretical methodology can be
used in isolation in order to de-convolute complex biological
behaviour. On the contrary, the current state is that different
methodologies have different strengths and weaknesses. For
instance, while experimentally it is at present relatively difficult to
measure variables over time (either in real-time or at sufficiently
high density to be meaningful), kinetic modelling permits the
simulation of biological behaviour in real time. On the other
hand, it is relatively easy to quantify complex spatial data experi-
mentally butsignificantly harder to do so mathematically. Likewise,
given the heterogeneity of experimental data available to theore-
ticians, such as high density and high volume but static data gene
expression microarray data from clinical trials or very low density,
highly quantitative data from reductionist biology, a “one size fits
all approach” to mathematical modelling is unrealistic.

The ultimate goal of these investigations is to translate knowl-
edge from both diagnostic and biomarker data into an individual-
ised treatment protocol, informed by a predicted outcome. This
requires a predictive framework that is able to absorb experimental
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results, reflect the dynamical states of signaling pathways in aberrant
cells and represent the impact of treatment agents on those path-
ways. Increasingly, it is becoming clear that multi-target treat-
ment regimens are necessary to overcome the inherent robustness
of the cell cycle, and it is likely that combinatorial approaches to
therapy will similarly be required to overcome the robustness
intrinsic in most druggable signaling pathways (such as PI3K or
MAPK pathways) (10). Importantly, to support the identification
of such regimens in a predictive framework requires a representa-
tion of the dynamical state of the essential pathway network and
their interconnections (10). However, the construction of such a
systems-level model attracts several challenges. First, there is wide
variation in the level of detail known for different parts of this
network and it is necessary to best utilise the descriptions avail-
able. Second, the scale of a dynamical system-level model means
that it is not possible to fully describe all parts and it is difficult to
interpret any predictions. Third, experimentation is not able to
provide a complete description of the system over space and time.
To address these challenges, we turn to the interoperability of
experimentation and modelling.

For the first challenge, we consider process-driven models that
exploit areas of the network about which at least some of the
molecular species interactions are known and show that these
models are able to make mechanistic predictions, test assump-
tions about unknowns, and determine target areas to measure
experimentally. We also consider the role of data-driven schemes
to derive hitherto unknown associations among measurables,
even when these comprise multiple data types. To address the
second challenge, we exploit network robustness analysis for
reducing model complexity, the need for a standardised represen-
tation of network subcomponents to support integration, and
optimisation approaches to fill gaps in knowledge by mixing data-
driven and process-driven approaches. For the third challenge, we
relate state-of-the-art experimental methods for profiling the spa-
tio-temporal dynamics of cancer. In the following sections, we
will therefore discuss a number of modelling approaches, which
types of data generated by cancer biologists and clinicians they are
best suited to, and then describe advances in cancer experimental
biology which may aid systems biology approaches.

2. Approaches to
Modelling Cancer

2.1. Linking
Experiment
and Theory

Process-based models afford a mechanistic representation of the
underlying cell dynamics and may be parameterised directly by
experimental data. These models are formulated in terms of
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ordinary differential equations that describe the kinetics of the
concentrations of molecular species within the network over time.
Here, we present two illustrative examples of the approach and
the opportunity to inform subsequent experiments.

In Faratian et al. (11), we employed a process-driven approach
in order to study resistance factors to receptor tyrosine kinase
(RTK)-inhibitorssuchastrastuzumaband pertuzumab. Trastuzumab
(Herceptin) is widely used as breast cancer therapy in patients
who overexpress the HER2 oncogene. Unfortunately, HER2
protein expression or gene amplification status is a poor predictor
of response with a very low positive predictive value (12, 13). The
documented actual benefit of adjuvant trastuzumab combined
with chemotherapy vs chemotherapy alone in terms of overall
survival is only modest (96% vs. 95% respectively at 1 year) (12)
and 91% vs. 87% respectively at 4 years (13). A large proportion
of patients therefore unnecessarily receive ineffective and expen-
sive treatments with toxic side-effects, and there is a need to iden-
tify markers which predict therapeutic response. Since the reported
resistance mechanisms to trastuzumab seem to relate to aberrant
MAPK /PI3K signalling ( PIK3CA mutations and inactivation of
the tumour suppressor gene PTEN (14, 15), we reasoned that a
systems analysis of these pathways, which are the best studied
process-driven models to date, would be a useful application of
systems biology to a clinical problem in oncology. These canoni-
cal pathways have only been modelled in order to explain and
predict physiological phenomena, such as the binding of ligand to
growth factor receptors (e.g. EGF to EGFR) (16-22), but have
not been so helpful for understanding therapeutic interventions,
since they frequently fail to include important oncogene and
tumour suppressor nodes, which are known to be fundamental to
carcinogenesis and proven resistance proteins (such as HER2,
PTEN, and SRC in PI3K and MAPK signalling models). A new
model of MAPK/PI3K was developed to describe HER2-
inhibitor antibody/receptor binding, HER2 /HER3 dimerisa-
tion and inhibition, AKT/MAPK crosstalk, and the kinetic and
regulatory properties of PTEN, and was based on modelling
studies of the HER signalling network (19, 23-25). The inclu-
sion of the tumour suppressor protein PTEN was deemed par-
ticularly important since it is a key negative regulator of the PI3K
signalling pathway. We successfully demonstrated that resistance
to RTK-inhibitors was governed by the PTEN:activated PI3K
ratio (integrated resistance factor y), and that PTEN, appropri-
ately measured in the clinical setting, could stratify patients for
HER2-inhibitor or combinatorial therapy, particularly an RTK-
inhibitor and PI3K-inhibitor in cancers with low vy. This is one of
few “success stories” of how a systems biology approach can gen-
erate hypotheses that can be tested experimentally in preclinical
models and which can then be applied to clinical evaluation.
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Further examples of applied systems biology are required so that
it might gain credibility and be accepted within the clinical
community.

Clyde et al. (26), used a process-based model parameterised
by experimental data to generate a hypothesis for a new and
important mechanism in the ATM intracellular pathway. ATM
contributes to the co-ordination of the DNA damage response
pathways that protect cells from potentially harmful mutations.
In doing this, ATM also has the capacity to initiate the repair of
treatment-driven damage, for example, radio-therapy, and so lim-
its the impact of some treatments. A better understanding of the
mechanisms of ATM regulation is therefore important both in
the prevention and treatment of disease. Clyde et al. (26) investi-
gated the behaviour of the damage response signaling pathway by
treating cells with a DNA damaging agent and measuring ATM
expression levels, and demonstrated that ATM gene expression is
unaffected by the damaging agent. However, following the appli-
cation of a specific ATM-inhibitor, a significant increase in ATM
and ATR transcription was observed. Importantly, these results
cannot be explained in terms of known cellular processes. Using
a process-based model of the interaction network for all of the
protein species considered in the experimental data together with
the impact of the inhibitor and damaging agents used in the
experiment, a novel feedback process was identified which was
able to explain the anomalies in the data. Model predictions are
consistent both with these in vitro experiments and with in vivo
studies by another group (27). The model predictions point to a
possible new target for ATM inhibition that overcomes the restor-
ative potential of the proposed feedback.

Such process-based approaches are highly dependent on the
assumptions made in model formulation. Crucial assumptions
relate to the architecture of the network and the strength of the
interdependencies among the measurables in the system. Where
existing biological knowledge is limited, statistical data-driven
approaches can make a valuable contribution to determining
those associations. Here we describe two such data-driven
approaches, Bayesian networks and S-systems modelling.

A Bayesian network (BN) is a graphical representation of
statistical dependencies among a number of variables (28-30).
Variables are drawn as nodes linked by arrows, forming a net-
work. In BN parlance, the variable at the root of an arrow is
known as the parent and the variable at the point is the child: the
arrow indicates a direct statistical dependence of the child on the
parent. While BNs were initially developed as “expert systems”
(29) — a process-driven model where domain experts were con-
sulted to form a network that could make predictions — BNs are
now commonly used as a data-driven method, where data is used
to learn the structure of a BN (30, 31). A feature of learned BNs
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Fig. 1. Bayesian networks. (a) An example Bayesian network. The BN is able to distin-
guish that the presence of rain is a more direct predictor of people carrying umbrellas
than are the presence of clouds. This prediction is in an informative, not a causal, sense,
however; the arrows could conceivably all be reversed, for example, using the presence
of umbrellas seen from a high office window to conclude that it must be raining.
(b) A cyclic causal interaction in time represented by a dynamic Bayesian network.
When time series are available, DBNs can infer causal interactions by making informa-
tive predictions about the future: a set of causal relationships (/eff) can be represented
by a DBN (right) that represents all variables at two points in time, where At represents
the time between data samples. Every variable is predictive of itself in the future, and
thus identical variables are linked across time slices; the informative predictions of
one variable (e.g., A) of another in the future (e.g., B) can be interpreted to be causal
(if A, then, later, B).

is that they find a minimal set of direct dependencies necessary to
explain statistical structure in the data; thus, they are well-suited
to distinguish direct from indirect relationships among (poten-
tially correlated) measured variables (Fig. 1a) (28). As such, BNs
can be useful for identifying direct relationships to be used in
further fine-grained modelling with process-driven methods.
Caution must be taken, however, with relationships identified in
a BN, as they are not necessarily causal (28, 29). The statistical
dependence indicated by an arrow in the BN is most usefully con-
ceptualised as “is useful for predicting”. For example, rain does
not cause clouds, but the presence of rain is a useful predictor for
the presence of clouds; similarly, the value of parent in a BN
would be a useful predictor for the value of its child (Fig. la).
Causal relationships can be discovered when time-series data are
available: here, a dynamic Bayesian network (DBN) represents
variables across time, and arrows from a parent to a child indicate
that the past value of the parent is useful for predicting the future
value of the child (Fig. 1b). As time series data becomes more
common in biology, more biological data is likely to be modelled
with DBNs (31); however, the continued need for analysis of
non-time series data, such as clinical samples, means that static
BNs will continue to play an important role.

Bayesian networks can be applied to a variety of different data
types. Commonly, continuous data, such as from gene or protein
expression, is discretised, and relationships found among vari-
ables with states such as low/medium/high. Such discrete data
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enables the discovery of multiple types of relationships, including
linear, non-linear, and non-monotonic (e.g., U-shaped or combi-
natoric (28)). Continuous data can also be analysed directly with
BNs, although such models are often limited to additive (i.e.,
non-combinatoric) relationships (32). The most common bio-
logical application of BNs has been to microarray gene expression
data, to discover networks that represent transcriptional regula-
tion interactions (30, 31). Metabolic flux, protein expression, and
phosphoprotein expression have also been used to discover net-
works representing signalling pathways (33—-35). BNs can also
incorporate multiple data types into a single network. For exam-
ple, clinical data can be included as variables in a network along-
side gene expression (36). This flexibility in the data types BNs
can model means it is possible to determine statistical relation-
ships between very different variables: for example, identifying
which genes are most directly dependent on an experimental con-
dition (37). However, this same flexibility means that care must
be taken in interpreting networks. A discovered relationship
between two gene expression values may be interpreted as trans-
lational regulation; a relationship between a metabolite and a pro-
tein may be interpreted as enzymatic activity. But the networks
represent only statistical dependence without any suggestion of
mechanism; interpretations are based on the user’s biological
knowledge and thus are only as good as our understanding of the
system. Bayesian networks are thus most useful for (1) identitying
direct relationships among a number of associated variables, and
(2) identifying biological species that are most relevant to broader
variables such as experimental condition or clinical outcome.
Identified relationships can then be followed up with more
detailed mechanistic modelling methods.

An alternative data-driven approach to Bayesian networks is
one based on general power-law formalisms and Biochemical
Systems Theory, (38) and is particularly suited to interaction net-
works within the cell. The Biochemical Systems Theory is based
on an underlying S-system, which is a mathematical representa-
tion of non-linear systems, based on power-laws, an approach that
explicitly represents the dynamics of the network in terms of dif-
terential equations that describe the rate of change of variables
such as protein concentrations or gene-expression levels (38).
The equations characterise the rate of change of the variables in
terms of the interaction between components of the system as
products of power-laws of the concentrations (or expression lev-
els) of these components. This allows component interactions to
be described in terms of rates of production and degradation of
concentrations, and it can be shown that any kind of interaction
can be approximated by this form, at least locally (39).

An S-system approach allows the construction of an interac-
tion network for a given set of measured variables by fitting the
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Fig. 2. Figures are visualisations of results of S-systems analyses. The protein expression data relates to a breast cancer
cell line (BT474), treated with heregulin in the presence of the HER2 dimerisation inhibitor, pertuzumab. In the diagrams,
lines represent complexes (either formation or degradation), positive feedback interactions, or production influence; line
thickness indicates the strength of interaction. Figures (a)—(c) represent analyses on timecourse data and show the
evolution of the network in response to treatment. The approach requires three at least time points to derive a network.
Network (a) represents the first three time points (0, 1 and 2 min); (b) represents the next three (overlapping) time points,
thatis, 1,2 and 5 min; (c) represents 2, 5 and 10 min. Among other results, the diagrams show the dissociation of HER2
from the interaction network in response to treatment with a receptor dimerisation inhibitor, which would be expected
from the known biology.

equations to time series data in terms of a set of power-law
exponents. S-systems are flexible in terms of type of data, so long
as the kinetics are described by making a series of measurements
over time. Where this fit returns an exponent value of zero, one
can infer that the variable in question is independent of that com-
ponent. Positive associations indicate activating influences; nega-
tive associations indicate inhibition. A network of interactions can
be defined from this fitting by considering only the non-zero
exponents for each variable in the system. This network can be
visualised to indicate those links that most sensitively affect the
rate of change of connected components (Fig. 2). In this sense,
the derived network can be used to identity components as poten-
tial targets for changing the dynamical state, such as a new drug
target or tumour-suppressor nodes. The prediction is valid pro-
vided the system is not changed too much from the dynamical
state in which the original measurements were made or where
combination therapies are being considered. The S-systems
approach is beginning to be used in relevant areas of biology
such as the analysis of experimentally-derived time courses of
cDNA gene expression array data, albeit in yeast (40). This is
promising since it is proof of principle that the technique may be
used in gene expression data generated from cancer specimens,
such as those taken at different time points in a neoadjuvant trial
(see below).

2.2. Systems-Level The cell is a complex interaction network that must maintain its
Modelling functioning while being subjected to continuous ecological and
evolutionary pressures. This inherent robustness in behaviour is a
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systems-level property and is pervasive across a wide range of
biological systems (41). Effective treatment of cancer cells is
dependent on changing existing cell functioning, and so any
treatment regime must overcome this robustness. However, it is
likely that interventions aimed at affecting the cell behaviour must
target multiple pathways (42, 43), as the dynamics may be
extremely robust to uncoordinated changes in individual path-
ways (41). It is clear that any model that can contribute to our
understanding of how to impact on cell behaviour by overcoming
a systems-level property must be constructed at a systems-level,
and so represents a sufficient level of complexity and detail.
However, the formulation of such a model presents challenges in
terms of constructing a model that integrates knowledge across
the signalling pathway network and is able to operate in spite of
the requirement of a large number of parameters.

The integration of knowledge arising from the research out-
put of multiple, disparate groups require a common currency of
exchange. Often, diagrams are used to describe the current under-
standing of pathway interactions but these diagrams, while heav-
ily annotated, are informal and ambiguous (44 ). In recognition of
both the utility of annotated diagrams for explaining pathway
interactions and the benefits of formalising those diagrams, effort
has been invested in developing a standardised language for
reporting results. One increasingly pervasive scheme for this is
SBGN, for example, as used in Calzone et al. (45), the Systems
Biology Graphical Notation (46). SBGN supports the syntactic
representation of biological entities and their interactions, where
these interactions are semantically and visually unambiguous.
This provides to different research communities a homogeneous
reporting platform that enables knowledge synthesis. Because the
entities in the diagrams are defined in terms of their syntax and
semantics, it becomes possible to interconnect, for example, a
pair of networks where the same, unambiguously defined node
exists in each. In principle, this is all that is required to support
knowledge integration. However, SBGN offers further support
to bridge the gap between experiment and theory. SBGN offers
tooling support for creating and verifying the diagrams used to
describe pathway architecture and interactions. SBGN also offers
tooling to translate these diagrams into formal models that aid
computational model construction. Given the large number of
groups working on different regions of the cell and the need for
systems-level modelling, the value of such an integrative frame-
work is clear.

Systems-level modelling can lead to very large-scale models
with many parameters describing the kinetics of the system.
Experimental data may only support the identification of some of
these parameters and so, in principle, the sensitivity of the model to
uncertainty in parameter values may be explored using sensitivity
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analysis (47). Sensitivity analysis offers a highly structured
approach to identify the subset of parameters that the model is
most sensitive to changes in value. In its simplest form, this is
achieved on a parameter-by-parameter basis: for each parameter,
fix all other parameter values and systematically vary that selected
parameter, measuring the extent to which the system-scale behav-
iour changes in response to value changes. This knowledge may
be used to inform experiment and theory. It may direct experi-
mentation, as it provides the set of parameters that are most
important to system-level dynamics. It may inform model formu-
lation as it offers the potential for model simplification. This may
be in the form of determining regions of the network where the
model is robust to large parameter changes, and these regions can
then be simplified into an abstracted form or even removed from
the network thus reducing the complexity and need for experi-
mental parameterisation. In extreme cases, it may be used to
completely reformulate the model in terms of only those sensitive
parameters, as in Pachepsky et al. (48).

This form of sensitivity analysis ignores interactions among
parameters, and so a more holistic approach to this form of analy-
sis is required here to account for the interconnectivity among
pathways. Saltelli et al. (49) describe global sensitivity analysis,
where multiple parameters may be varied simultaneously and the
impact of this measured again in terms of the degree to which
parameter value modifications drive changes in system-level
behaviour. The approach has been used in the optimisation of
(synthetic) genetic circuits to inform experimental designs (50)
and, importantly, the authors highlight the applicability of the
approach to other biological networks.

In addition to sensitivity analysis, the fact that the model
describes the whole system means that knowledge of that system-
level behaviour, that is, model output, can be used to constrain
the parameters, that is, model input. Techniques from artificial
intelligence, such as Genetic Algorithms (51) can be used to
reverse engineer missing parameter values that are consistent
with known system-scale behaviour when combined with other,
known input parameters. This means that not all variables in the
system require explicit measurement; a subset of variables can be
derived from simulation. The reverse engineering approach oper-
ates by comparing system-scale model predictions with observed
system-scale behaviour, and refining through iteration the
unknown input parameters to reduce the difference between
predicted and observed behaviour. Clearly, the success of the
scheme is dependent on defining an appropriate measure of dif-
ference, termed a fitness function. The definition of this fitness
function is challenging but also the key to combining the
strengths of process-based and data-driven approaches to address
gaps in knowledge.
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When considering the output from the process-based model,
the fitness function can be defined to account for, for example,
particular concentration values and /or particular rates of change
in those values. However, there are many possible parameter con-
figurations that could match the predicted behaviour to that
which is observed. To reduce the parameter space turther and
determine more accurate values for unknown parameters, it is
possible to integrate the results of data-driven models into the
evaluation of specific process-based parameter configurations.
This integration may be effected through the fitness function.
The data-driven models described above provide a mechanism to
infer the network structure from measurables without specifying
causal links in the network. This provides a meta-level description
of the experimental system that is not dependent on any assump-
tions relating to cell structure or architecture. By deriving the
same data-driven meta-level description of the predictions of the
process-based model, based on the equivalent output of those
same (simulated) measurables, it is possible to further constrain
the set of parameters that may be reverse-engineered to be consis-
tent with the observed system-scale behaviour. Thus, data-driven
models offer the possibility of substantially reducing the poten-
tially large parameter search space in a rigorous way and with-
out making a priori assumptions about parameter ranges and /or
interaction network architecture.

3. Experimental
Methods for Data
Generation in
Systems Biology

3.1. Spatial Resolution

We have already highlighted that cancer is more than just an epi-
thelial disease. Therefore, in tissues, at least two spatial levels must
be resolved; tissue compartments (i.e., epithelial, stromal, inflam-
matory component, vascular and interstitial) and cellular com-
partments (e.g., immediate extracellular environment, membrane,
cytoplasmic, nuclear and organelles). Since the modelling
approaches described above, particularly DBNSs, require sufficient
density of data, high-throughput experimental approaches are
required. We use multiple strategies to combine compartment-
specific analysis with high-throughput molecular analysis; includ-
ing tissue microdissection, in situ protein quantification and
reverse-phase protein arrays (RPPA; see below). Microdissection is
becoming a standard strategy in gene-expression microarray (52)
and genomic hybridization protocols (53) in order to enrich for
epithelial-cell populations, either to overcome the inherent limita-
tions of sensitivity of the assay (as in array CGH) or to infer com-
partment-specific biology (as in the case of gene expression) (52, 53).
Microdissection often means a relatively crude dissection of the
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epithelial area of a tumour by hand under a dissecting microscope,
or alternatively the use of laser capture/catapult microdissection
techniques in order to obtain populations of pure cells (54). The
latter approach may be more suited for systems biology because
the methodology can also be extended to separate any tissue com-
partment (e.g., blood vessels, stroma) and also morphologically
heterogeneous elements within the epithelial areas of tumours,
which have differential gene and protein expression signatures
and therefore potentially different responses to therapy. A second
approach to compartment-specific analysis is in situ protein quan-
tification on automated image analysis platforms for total and
phosphorylated (usually active) states of proteins within signal-
ling pathways of interest (Fig. 3a and (55)). These methods mul-
tiplex antibodies against particular compartments (usually
epithelial, although any compartment may be discriminated) with
one or more targets of interest, so that compartment-specific pro-
tein expression can be quantified. The advantage of this technique
over microdissection methods is the ability to discriminate pro-
tein expression levels at the compartmental and subcellular levels.
However, disadvantages include the limited number of targets
that can be measured from a single section (which is governed by
the number of filters (usually up to five) on the fluorescence
microscope), availability of high-quality specific antibodies, tissue

b
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Fig. 3. Examples of quantitative methodologies for systems biology research in vivo and in vitro. (a) HistoRx AQUA fluo-
rescence image analysis. The expression of protein per unit area of a molecularly defined compartment (tissue and
subcellular) is measured using this technique. In this case, membrane expression of the HER2 oncoprotein (fop left
quadrani) in invasive cancer (bottom left quadrant, cytokeratin mask) has been quantified. Expression of proteins in the
nuclear compartment may be measured by quantifying signal intensity in the DAPI compartment (top right quadran. (b)
Reverse phase protein arrays (RPPA). Cell or tissue lysates are spotted onto nitrocellulose-coated glass slides in repli-
cates and as a dilution series, and probed for a protein of interest using specific antibodies and a fluorescent secondary
(top). Each spot intensity is measured and plotted as a dilution curve, and the expression of protein derived from a regres-
sion analysis of all the data generated for a single sample (bottom). In this way, the expression of protein is guaranteed
to be derived from the linear range of detection (i.e., not saturated) and the technical variance of the data is measured.
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3.2. Temporal
Resolution

auto-fluorescence and difficulties with absolute quantification.
While most in situ methods are limited to protein techniques, all
macromolecules may be extracted from microdissected tissues,
including RNA, microRNA, DNA and protein. Each macromol-
ecule is amenable to high-throughput array-based technologies
and, in the case of protein, the tantalizing prospect of reliable
clinical mass-spectrometry proteomics (56) can offer quantitative
advantages or assessment of functional post-translational modifi-
cations (e.g., phosphorylation or acetylation).

Although increasing temporal resolution seems straightforward
for in vitro-based experiments, it is more difficult within the clini-
cal setting. There are a range of biological models available for
analyzing complex biological systems. Nonetheless, even the sim-
plest in vitro models require reconsideration of design in order to
generate data of sufficient quality to populate mathematical mod-
els, particularly data-hungry methodologies such as DBNs. While
it is relatively trivial to increase data points in an experiment exam-
ining pathway responses to targeted therapy in vitro, it is only
recently that downstream assays are sufficiently “high-through-
put” to generate robust, quantitative data of sufficient quality and
quantity to be used to populate mathematical models. Although
robotics can help meet the demands of high-performance
throughput, new techniques need to be considered to meet the
data-rich demands of systems approaches.

Since many of the components assessed within mathematical
models are proteins and their activated forms, newer protein
assays may be used in order to address the problems outlined
above. Reverse-phase protein arrays (RPPA) are high-through-
put, high-density protein arrays in which protein lysates from
in vitro or in vivo biological samples are immobilised as spots on
nitrocellulose-coated glass slides and protein targets are detected
with specific antibodies, similar to immunohistochemistry or
immunofluorescence (Fig. 3b and (57)). In this way, hundreds to
thousands of lysates (including technical and biological replicates)
can be assayed under the same conditions on a single slide. As only
picoliter quantities are spotted on each spot, tens to hundreds of
identical slides may be produced for multiple target analysis
from a single cellular or tissue lysate, particularly if robotic spot-
ting is used. In addition, since each lysate is spotted as a dilution
series, the signal detected can always be guaranteed to be in the
linear range of detection (that is while signal intensity is still
unsaturated), which is rarely the case for western blotting, and
if recombinant peptide or protein controls are spotted on the
same slide, accurate quantification is possible. As well as facilitat-
ing high throughput protein analysis in vitro, the small amount
of lysate required and the high number of assays that can be
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performed make this a useful technique for assessing clinical
material. This means that large models, requiring tens to hun-
dreds of biological measurements (e.g., the ordinary differential
equation-based approach) may be populated with ease.

A second challenge to achieving sufficient temporal resolu-
tion for systems approaches is the selection of appropriate
in vitro or in vivo models. While transgenic mice ofter the attrac-
tion of stable genetic perturbations that can be applied to com-
putational models, the long generation times and high numbers
of time points required do not lend themselves to the iterative
nature of systems biology, that is the need to refine the model
on the basis of re-experimentation in order to improve it.
Nevertheless, if coupled with live imaging techniques, such as
the relatively new technique of intra-vital microscopy, which has
been used to image tumour cell invasion in real-time (58), these
animal models may become attractive models for detailed phar-
macodynamic studies. We have used a combination of 3-dimen-
sional in vitro primary and human adenocarcinoma cell line
cultures on contracted collagen matrices (59) and cell line xeno-
grafts to model the pharmacodynamics of targeted therapies.
Three-dimensional culture simplifies the tumour context but
offers a flexible analysis of epithelial and stromal compartments,
where both compartments may be genetically manipulated and
subjected to both destructive and non-destructive temporal
analysis, such as by reverse-phase protein arrays and immuno-
fluorescence. Primary and cell-line xenografts capture the com-
plexity of whole tissues but what makes these models ideal for
high-throughput, spatially resolved analyses is their ability to
assess tumours from multiple time points, and the availability of
abundant tissue for fresh frozen and formalin-fixed paraffin-
embedded analysis. In addition, cell lines are readily manipu-
lated in vitro for the knockdown or overexpression of specific
targets with small hairpin RNA and stable transfection of genetic
constructs, respectively, and are then ready for re-implantation
and re-testing of the system with specific perturbations. These
models are an important intermediate step in validating compu-
tational models before they are sufficiently reliable to be used in
clinical decision making.

4, Clinical
Considerations for
Data Generation

The real challenge lies in achieving sufficient temporal resolution
using real human disease as the model. Nevertheless, there is
now extensive experience in gathering tissue and biological sam-
ples from three time points in the neoadjuvant setting (that is,
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patients treated with drugs or radiotherapy before surgery), in
individual patients with breast cancer, such that limited pharma-
codynamic studies may be performed. In this model, patients
are given endocrine or chemotherapy for 3 months prior to definitive
resection and samples taken at diagnosis, 2 weeks and 3 months
at the time of resection (60). If basic pathological endpoints such
as proliferation (immunohistochemistry analysis of Ki67 expres-
sion levels) are measured, then the proliferation index at 2 weeks
(but not at diagnosis) is predictive of long-term survival in
response to aromatase inhibitor therapy (61, 62). Breast cancer
is amenable to this type of temporal intervention, since there is
the added benefit that tumour shrinkage in the neoadjuvant set-
ting can result in the use of breast-conserving surgery rather than
mastectomy. Nevertheless, other cancers may also be amenable
to multiple sampling, such as ovarian tumours treated with intra-
peritoneal chemotherapy (63), or colorectal tumours treated
with pre-operative radiotherapy (64), which may be achieved
with minimal discomfort or inconvenience to the patient. By
exploiting carefully selected human models, we can begin to
determine the true nature of the dynamics of tumour responses
and move away from inferred biology based on static biomarker
analysis. In the short term, gathering high quality, temporal data
from real clinical material is essential to populate and validate
computational models. In time, such mathematical models are
likely to become applicable and may avoid the need for multiple
biological measurements.

5. Conclusions

In this review, we have discussed a number of possible general
approaches to applying systems biology to understanding thera-
peutic responses in cancer. It should be apparent that no one
computational, mathematical or experimental methodology can
be used in isolation to de-convolute the complexity of cancer. We
have discussed some approaches which are being used in this
infant field. On their own, some of these approaches are starting
to produce results, but by using different approaches, such as
process- and data-driven models in tandem in order to refine and
validate models, the hope is that clinically relevant and useful
models may become a reality sooner. In order for this to occur,
data from clinical trials will also have to be incorporated, which
will also require coordinated multidisciplinary efforts from the
clinical and basic science communities.
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