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Modern biology is predictive and quantitative, and thereby
necessarily mathematical [1]. Even the largely qualita-
tive era of molecular biology and genetics could not

have happened without mathematics and computation – witness
the importance of the Fourier transform in X-ray crystallogra-
phy [2] and indeed in modern mass spectrometries (see e.g.[3]).
Modern genetics is highly quantitative (e.g. [4; 5] – and needs to
be [6] http://blogs.bbsrc.ac.uk/index.php/2008/12/when-genetics
-meets-the-environment/). As part of this special issue on
‘Whither Mathematics in the UK?’, I have chosen to pick
Systems Biology as an exemplar with which to illustrate some of
the challenges we face in biology, and how mathematics (which I
take to include related numerical disciplines such as statistics,
probability, computation, algorithmics and so on) can assist us in
meeting them and thereby helping us to understand biological
systems in a quantitative and predictive manner. Note the exis-
tence of chemometrics (e.g. [7; 8]) as an entire field that covers the
application of mathematical methods to problems of (bio)chem-
istry. The balkanisation of the science and its literature [9-13]
means that chem(o)informatics [14; 15] is seen (and has devel-
oped) as a discipline largely separate from chemometrics!

Graph theory
Most biochemical networks can be seen as graphs (in the mathe-
matical sense) [16-18], since they consist of actors (nodes) that
interact via other players (edges) that serve to connect them.
Even molecules can be seen as graphs in that they consist of
atoms (nodes) connected by bonds (e.g. [19-26].) Graph theory is
therefore an area of great potential significance to biology (both
at the cellular and higher levels, including ecology). In one sense
systems biology is network biology. Note however, that some of
the interactions can be indirect.

Biochemical networks
Because ‘to understand the whole one must study the whole’ [27],
modern methods of analysing metabolic networks are applied at
the genomic scale [28-31]. However, let us look at a typical meta-
bolic pathway, illustrated by yeast glycolysis (see figure 1), ‘start-
ing’ with glucose and ‘finishing’ with ethanol and other products
(see e.g. [32; 33]). This is a graph that connects molecules (nodes)
that are transformed into other molecules using enzymes that
catalyse the relevant reactions (the edges). Sometimes nodes
(molecules) that are not directly connected to edges can affect the
rates of the reactions catalysed by those edges [34]. As with any
simple system, it consists of parameters and variables. In this
case the parameters are the ‘fixed’ concentrations of ‘external’
metabolites, the (‘fixed’) concentrations of enzymes, the kinetic
rate equations that describe their behaviour as a function of the
concentrations of the molecules with which they interact, and the
parameters of those equations. The variables are represented by
the time-dependent changes in the concentrations of metabolite

molecules and the rate of transformation of glucose into ethanol
(the ‘flux’).

While these systems are almost always highly nonlinear (see
[35]), and therefore lack analytical solutions (cf. [36]), it is
straightforwardly possible [37] to model this kind of system using
a numerical ODE integrator or stochastic simulator (a number
have been written that have specific domain knowledge, e.g.
[38-42]) and thereby obtain the time series of variables that result,
as well as any steady state that might be obtained. This is true of
both metabolic systems and of signalling systems such as that
involving NF-κB with which we have been concerned (e.g.
[43-48]). Recognising biochemical systems as nonlinear dynami-
cal systems allows us to bring to bear the concepts and mathe-
matical technologies developed for understanding such
nonlinear dynamic systems, albeit that we normally lack analyti-
cal solutions. One example was the discovery of deterministic
chaos in microbiology [49]; another involves the analysis of sensi-
tivities [50-53]. I have little doubt that there is scope for improved
mathematical representations of these kinds of system (e.g. [54]).

As well as modelling the system in the ‘forward direction’ (given
the parameters, predict the variables), we may also be interested
in solving the ‘inverse problem’ (‘system identification’ [55]) by
which we seek to estimate the parameters that best account for
the behaviour of the variables given the equations (e.g. [56-61]).
This is typically an underdetermined and NP-hard [62] optimisa-
tion problem (and sometimes we do not even have the equations
[63]). Although present algorithms scale poorly (see e.g. the
results of the DREAM competitions [64; 65]), Bayesian methods
(e.g. [66]) are becoming popular (e.g. [67-71]), and – given the
baseline – we may anticipate considerable progress. Note too that
biochemical models have unusual ‘structures’ for their uncertain-
ties [72], and even changing the objective function of what it is
that one is trying to fit (‘recasting the problem’) can bring consid-
erable benefits (e.g.[63]). Other more general mathematical ques-
tions that might be asked of a model [73] include whether a given
structure and set of equations with any parameters could produce
a particular behaviour. These kinds of question also pertain in
the emerging field of synthetic biology (e.g. [74; 75]) – a modern-
ised form of metabolic engineering – where one is looking to
design a system that performs a specific function i.e. exhibits a
particular output in response to a given input. There is also con-
siderable interest in optimising models with regard to the fluxes
that they generate [76; 77], or (equivalently) finding combina-
tions of sites or drugs that have the maximal effect for the
minimum off-target effects [78-80]; these are classical combina-
torial optimisation problems. It is also worth mentioning the
extensive synergy between the methods of mathematics and
those of modern computer science and bioinformatics here;
regarding the latter, it is of great importance that we have
XML-based standards such as SBML for representing biochemi-
cal networks [81] (http://www.sbml.org/), since when combined
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Figure 1: A biochemical network: glycolysis as an example
Acknowledgment: I thank Dr Alice Villéger for providing this figure
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with semantic annotation [33; 82; 83] these allow both unambig-
uous representation and convenient and interoperable manipu-
lation of these kinds of model. In a similar vein, the ability to
represent chemical entities in digital format (e.g. [84; 85]) makes
it considerably easier to analyse biochemical networks [10; 12]
and the molecules they contain [26; 86], and to make use of the
distributed knowledge available over the interweb [87-92]. This
ability to bring together data, mathematical processing tools and
knowledge from disparate sources (e.g. [93-98]) will have consid-
erable impact [99] in reducing the awful rate of attrition [100;
101] in the pharmaceutical industry.

‘Omics’
The suffix ‘omics’ refers to measurements of ‘everything’ at a par-
ticular level of biological organisation e.g. all transcripts
(transcriptomics), proteins (proteomics) or metabolites
(metabolomics), and comes form the concept of a genomic or
genome-wide scale. These concentrations represent the parame-
ters and variables to which we need to fit our models. DNA
sequencing itself has increased in speed and power at an aston-
ishing rate since Sanger’s paper [102] setting down one of the
more popular methods. Modification, parallelisation and auto-
mation of the Sanger method was used to generate run sizes
(‘read lengths’ or ‘reads’) of up to about 500 base pairs at the time
of the draft human genome sequencing effort (2000), that then
had to be assembled from random fragments (‘shotgun sequenc-
ing’). Unless there are repetitive sequences this is not too difficult
(albeit computationally demanding for large genomes).
However, many of the so-called next generation methods (see e.g.
[103-106]) generate only short reads, and thus many more frag-
ments per genome. There is a considerable need for suitable
assembly algorithms here, a recent example being ‘velvet’ [107]
which – astonishingly – appears to scale as O(n). Other recent
examples (see also a summary [108]) include [109-111]. The
storage, retrieval and analysis of these kinds of dataset also
provide major issues, since as one goes from Gbytes to Tbytes the
amount of data involved are not best transferred using conven-
tional Internet protocols; we are entering the era of
data-intensive science [112; 113]

Omics methods are not like most other analytical methods, as
their high dimensionality (hundreds or even thousands of vari-
ables [114]) can be subjected to unusual systematic errors and
drift, often spatial, that are hard to model analytically and
thereby to correct. Artificial neural networks can be used for this
purpose [115; 116] but they are highly empirical. Wavelets have
been used to advantage in chemistry [117], and in the cases of reg-
istering (aligning) images of protein gels we have exploited [118]
the innovative complex wavelet transforms developed by Kings-
bury (e.g.[119; 120]). A similar problem exists in the alignment of
2-dimensional (chromatography-spectrometry) traces, and
despite some very useful progress (e.g. [121-124]), this is still an
unsolved area that would benefit considerably from further
mathematical input.

Data mining
The high dimensionality [125], the somewhat ‘fuzzy’/inaccurate
nature[126], and the dynamic range [127] of omics data bring
many challenges, both in exploratory data analysis [128; 129] and
more directed (‘supervised’) analyses[130; 131]. A typical sce-
nario involves a series of expression profiles of 1000s of genes
performed over potentially hundreds of conditions. Heat maps

[132] are the commonest way of displaying these biclusters, but
finding the optimal arrangement, even as to the optimal number
of clusters (e.g. [133]) according to some ‘closeness’ criterion/a is
again NP hard. Any clustering algorithm will produce clusters,
and so cluster validation is another major issue [134]. There is a
trend towards multiobjective clustering [135] and optimisation
[136]. However, overfitting biological data mining for marker
discovery is rampant [137-139]. Nevertheless, data mining (e.g.
[131; 140; 141]) and indeed text mining [142-152]) in general are
and will continue to be highly important to modern biology.

Optimisation
Almost everything we might do in science (including biology)
involves, explicitly or otherwise, some kind of optimisation. Even
the choice of the next experiment to perform (and remember that
much of experimental design was driven by agriculture [153]) is
an optimisation over the space of possible experiments. There is
an exciting trend towards ‘active learning’ here, where a suitable
algorithm analyses what has gone before (the ‘landscape’ that has
been sampled) and on this basis designs the next experiment in a
series in a principled manner (see e.g. [114; 154-161]). This is also
being done, for instance, in chemical optimisation for drug dis-
covery via ‘fragment-based’ methods (e.g. [162] [163-165]), and is
starting to be applied in network pharmacology [166]
http://blogs.bbsrc.ac.uk/index.php/2009/01/network-pharma-
cology-meets-systems-biology/. Note of course that analysis of
any NP-hard problems – as these tend to be – necessarily requires
some kind of heuristic strategy (e.g. [167-169]). This, in my view,
is a major area for improving the speed, efficiency or other
outputs of any chosen style of algorithm. Recognising the fact
that the best algorithm is domain-specific (there is ‘no free lunch’
[170; 171]) means that one approach is to seek and learn regulari-
ties in the particular data structures to hand, and thereby choose
the optimal algorithm ‘on the fly’ [172].

How best to bring together biology and mathematics?
It is obvious from the above that there is barely any part of
modern biology that has not benefited, and would not benefit
more, from the application of mathematics. Because the prob-
lems of biologists are both highly complex and nonlinear, often
involving stochastic elements such as mutations, they also offer
the potential to mathematicians to develop new mathematics.
Most approaches to date have been numerical rather than analyt-
ical, but when we can find analytical solutions (as in [36]) this is
of course very satisfying. I recognise that many of these problems
will be seen as ‘applied maths’, especially focussing on nonlinear
dynamics, optimisation, algorithmics and data processing sensu
lato, but until the ‘pure maths’ community engages more it is hard
to know what benefits will accrue to either party. The answer to
the question that provides this section’s title is almost certainly by
bringing together biologists and mathematicians, preferably by
colocalisation. Short or long term sabbatical visits are also highly
beneficial. Much has been written about the balkanisation of sci-
entific disciplines (and the literature [9; 11; 13]), the unwisdom of
organising research into silos on the basis of academic units
designed for undergraduate admissions, and of the baleful influ-
ence of the RAE in perpetuating these inward-looking cultures.
Nonetheless, wishing something to change does not necessarily
deliver that change without considerable insight [173]. However,
the recognition that most world-class research is multi- and
inter-disciplinary is causing funders to find mechanisms with



which to try to break down these needless intellectual barriers. I
trust that this brief survey might strongly assist that process.❏
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