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SyStemS Biology AS An ApproAch
origins
The use of Systems Biology approaches in analyzing  biochemical 
networks is well established,1 and it is now also gaining ground 
in explorations of higher levels of physiological function, 
as  exemplified by the Physiome2 and Virtual Physiological 
Human3,4 projects. However, the use of the term “system” in 
the field of biology long predates “Systems Biology.”

Throughout its existence as a discipline, physiology has concerned 
itself with the systems of the body (circulatory, nervous, immune, 
and so on). Back in 1542, Jean Fernel wrote, “So, if the parts of a 
complete Medicine are set in order, physiology will be the first of all; 
it concerns itself with the nature of the wholly healthy human being, 
all the powers and functions.”5 Claude Bernard is widely credited 
with introducing one of the key biological  concepts—control of 
the internal environment—and he may therefore be viewed as the 
first “systems biologist,”6 although good claims can also be made 
for William Harvey,7 Gregor Mendel,8 and others.

essence
In order to explore the essence of Systems Biology—a notion 
that, in spite of its broad appeal, is still lacking a definition—it 
may be helpful to start by considering the meaning of each of the 
two words. “Biology” is easy to define: it is the science (Greek 
λόγος; “reason[ed] account”) that is concerned with living 
 matter (Greek βίος; “life”).

Although perhaps less well appreciated in the biological 
field, the term “system” is equally well defined, as “an entity 

that maintains its existence through the mutual interaction of 
its parts.”9 Systems research, therefore, necessarily involves the 
combined application of “reductionist” and “integrationist” 
research techniques, to allow identification and detailed char-
acterization of the parts, investigation of their interaction with 
one another and with their wider environment, and elucidation 
of how parts and interactions give rise to maintenance of the 
entity10 (Figure 1).

Systems Biology, therefore, can be seen to stand for an 
approach to bioresearch, rather than a field or a destination.

This approach consciously combines reduction and integra-
tion from the outset of research and development activities, 
and it necessarily involves going across spatial scales of struc-
tural and functional integration (i.e., between the parts and the 
entity). There is no inherent restriction on the level at which “the 
system” may be defined. In fact, there is no such thing as the sys-
tem because structures that are parts of one system (say, a mito-
chondrion in a cell) may form systems in their own right at a 
different level of integration (for example, in the contexts of elec-
tron transport chains and ATP synthesis). The focus of Systems 
Biology can be, but is not required to be, at the single-cell level 
(a predominant target so far). As an approach, Systems Biology 
is equally applicable to small or large biological entities.

In addition to addressing the relationship between structure 
and function from the nano- to the macroscale, Systems Biology 
interprets biological phenomena as dynamic processes whose 
inherent time resolution depends on the behavior studied. 
This range extends from submicroseconds for molecular-level 
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interactions to days, months, and years, e.g., for the development 
of a disease in humans.

Thus, Systems Biology explores how parts of biological entities 
function and interact to give rise to the behavior of the system as 
a whole. It is important to realize that “the entity,” for example a 
cell, enables and restricts the range of components and interac-
tions that are conceivable (e.g., a saline-based solute environment 
affects lipid bilayers in ways that are principally  different from 
those of an alcohol-based solvent system, prescribing functional 
properties that need not be “encoded” other than in the basic 
biochemical and biophysical properties of the matter involved). 
However, the interrelation between genomic code and pheno-
typic representation deserves consideration in this context.

the connection Between genomeS And phenotypeS
In order to understand biological systems, it is necessary to 
understand the relationship between the genome and the pheno-
type. When the concept of a gene was first introduced more than 
a century ago (see p.124 in Johannsen, 1909, where the term was 
derived from Greek γίνοµαι; “to become”),11 the relationship was 
thought to be  simple. For each inheritable character, there was 
postulated to be a “gene” transmitting that character through 
the generations. This seemed to be the best interpretation of 
Mendel’s experiments, implying discrete genetic elements that 
were responsible for phenotype characters. Later, even after this 
broad concept of genes was replaced by one focusing on DNA 
sequences as an equivalent information carrier, this idea per-
sisted in the “one gene, one protein” hypothesis, even though 
proteins themselves are not the same as phenotype characters of 
complex organisms. Incidentally, this hypothesis is generally, but 
falsely, attributed to a 1941 PNAS paper by George W Beadle and 
Edward L Tatum.12 In that paper, the authors show an example 
in fungi of “one gene, one enzyme” control of a step in vitamin 
B6 synthesis, but they highlight in the introduction “...it would 

appear that there must exist orders of directness of gene control 
ranging from simple one-to-one relations to relations of great 
complexity.” The “one gene, one protein” hypothesis was devel-
oped over the following decade, and earned Beadle and Tatum 
the Nobel Prize in 1958, 5 years after the structural description 
of DNA by James D Watson and Francis Crick.

We now know that the relationships between “genotype” and 
“phenotype” are even more complex. Protein-coding DNA is 
assumed to form only 1% of  metazoan genomes. It is control-
led through multiple mechanisms involving DNA that is stably 
transcribed (i.e., functional) yet not  protein-coding. The propor-
tion of functional, non-protein-coding DNA is understood to be 
an order of magnitude larger than that of protein-coding DNA; 
however total functional DNA represents only ~10% of overall 
DNA content.13 Many questions regarding the spatio-temporal 
organization of the regulatory genome remain to be resolved.14 
Also, whether the other 90% of DNA really has no function at all 
is an interesting question, particularly if one allows the notion 
of functionality to extend beyond its use as an RNA template 
(such as for scaffolding). Complete removal of the “junk DNA” is 
experimentally difficult (it does not form a coherent set of large 
segments). Interestingly, one study that removed two very large 
blocks of non-coding DNA (2.3 Mb) in mice found no signifi-
cant changes in phenotype.15 However, this is equivalent to just 
under 0.1% of the mouse genome (which would make it feasible, 
at least, to assume that structural effects of such deletion would 
have been minor or absent). It should also be recalled that many 
deletions, even of protein-coding regions, do not necessarily 
manifest themselves as a phenotypic change, unless the system is 
stressed.16 Further complexity arises from the fact that multiple 
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Figure 2 General relationships between genes, environment, and phenotype 
characters according to current physiological and biochemical understanding. 
The division of the conceptual entities—environment, phenotype, DNA, 
and biological networks—is neither strict nor mutually exclusive (and it 
does not specifically address the presence of any epigenomic information 
processing). Depending on the point of view, DNA, for example, is part of 
biological network activity (when you look “down” from the phenotype level), 
whereas biological networks are part of the environment (if you look “up” from 
DNA). It is hoped that this scheme will help to emphasize the complexity of 
interactions mediated by biological networks, which perform a whole host of 
key functions, such as enabling, filtering, conditioning, and buffering of the 
interplay between environment, phenotype, and DNA sequences. As shown 
on the right, the “determinants of a phenotype” (the original concept of genes) 
include much more than DNA sequences (the currently prevailing concept).
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Figure 1 A system as an “entity that maintains its existence through the 
mutual interaction of its parts.”9 Systems research must combine (i) the 
identification and (ii) the detailed characterization of parts (orange boxes; 
as opposed to “lookalikes” (pale blue box), which need to be identified and 
excluded), with the exploration of their interactions (iii) with each other 
(orange arrows) and (iv) with the environment (pale blue dashed arrows) 
affecting parts either directly or indirectly, via modulation of internal 
interactions, to develop (v) a systemic understanding of the entity. An 
important, but often overlooked, aspect is that the system itself not only 
enables but also restricts the type and extent of functions and interactions 
that may occur (dark blue box). Systems research therefore requires 
a combination of tools and techniques for reduction and integration. 
Reprinted from ref. 10.
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splice variants, even of the same DNA sequence, can give rise 
to alternative proteins. These effects are open to influences by 
the environment (here broadly defined as what is external to the 
system in question), and actual “DNA sequences” may not be as 
compact or uniquely defined as was initially assumed.17

There is therefore a (at least) three-way interaction between 
DNA, the environment, and the phenotype. Figure 2 is an 
attempt to represent this interaction in a simplified scheme. 
Interactions are mediated through the networks within and 
between cells, including subcellular components such as pro-
teins and organelles. These networks not only provide signal-
ing pathways but also filter and condition the transmission of 
signals between environment, DNA, and phenotype. This is the 
basic explanation for the finding that interventions at the level of 
functional DNA (knockouts, insertions, and mutations) do not 
necessarily show a phenotypic effect. They are buffered by the net-
works, so that, even when changes at the level of proteins occur, 
there may be alternative (and normally redundant or  quiescent) 
ways to ensure the retention of phenotype characters.

The influences of the phenotype and the environment on DNA 
are mediated by various mechanisms. DNA itself is chemically 
marked, e.g., by methylation of cytosines,18,19 and control of 
expression is affected by interactions with histones (the histone 

code20). Together, these form part of the epigenome (http://
www.epigenome.org) that constitutes a cellular memory, which 
can be transmitted to the subsequent generation(s). Longer-term 
effects include many forms of modification of the DNA itself 
through environment-induced genome rearrangement, nonran-
dom mutations, and gene transfer.21 These have played a major 
role in the evolution of eukaryotic cells,22 as have “gene” and 
“genome” duplication.23 Similar mechanisms also play a major 
role in the immune system, in which targeted hypermutation in 
B cells can generate changes in the genome that are as much as 
106 times greater than the normal mutation rates in the genome 
as a whole. This effectively extends the already huge range of 
antibodies that can be produced to an infinite one. Whereas the 
exact mechanism by which the recognition of a foreign antigen 
triggers or selects such DNA changes is not known, the exist-
ence of the process is well established.24 This behavior is entirely 
somatic (restricted to the cells of the immune system) and is 
therefore not  transmitted through the germline. It was originally 
thought that epigenetic marking was also restricted to somatic 
processes. There is, however, increasing evidence to show that 
some epigenetic marking can be transmitted via the germline25 
or via behavioral re-marking in each generation.26

The existence of these mechanisms makes the definition of a 
gene even more problematic. The horizontal lines in Figure 2 
indicate the difference between the original concept of genes and 
the modern definition. The original notion of a gene as the suf-
ficient determinant of a phenotype includes everything below the 
black dashed line in Figure 2 (although those who introduced 
the concept, such as Johannsen,11 would not have known that). A 
“gene” in this sense is now understood to be a distributed cause, 
all of which is inherited (i.e., inheritance includes both DNA 
and other cellular components; here, conceptually separated—
although they are, of course, usually combined). The modern 
molecular-biology definition of a gene is DNA alone (below the 
gray broken line in Figure 2) and is therefore very different from 
the original meaning, also from a causal viewpoint. This confu-
sion in terminology lies at the heart of many arguments over the 
role of genes in physiological function, with an extremely sim-
plified variant represented by the vertical arrow on the right in 
Figure 2. Genes, defined as DNA sequences, may form necessary 
but not sufficient causes of phenotype characters.

Figure 3 elaborates on this by depicting the relationships 
between individual DNA sequences and phenotype characters. 
To simplify what would otherwise be an illegible tangle of con-
nections, we show just six DNA sequences and six phenotype 
characters and indicate only some of the connections that could 
exist between these 12 elements.

DNA sequence 1 does not contribute to any of the given 
phenotype characters, and its modification may give rise to 
irrelevant data and interpretations. Similarly (but unrelatedly), 
phenotype A is not affected by any of the given DNA sequences, 
and therefore assessment of causal relationships between the 
six DNA sequences shown and “A” may lead to false-negative 
conclusions (as DNA sequences outside the given range may be 
relevant). These two will be the most frequently encountered 
“causal” relations.
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Figure 3 Simplified examples of interrelation between genes, environment, 
and phenotype characters according to current physiological and 
biochemical understanding. Interactions between particular DNA sequences 
and particular phenotype characters are mediated by biological networks. 
There is therefore no reason to assume direct causal relations between 
particular DNA sequences and particular phenotype characters in complex 
biological systems. To emphasize this, we have drawn each arrow of causation 
between a DNA sequence and a character as changing (from continuous 
to dotted) as it is transmitted through, and modified by, the biological 
interaction networks. Strictly speaking, not only do the causal arrows change, 
they interact within the network. The dotted arrows should therefore not be 
seen as mere continuations of the solid-line arrows. Green arrows highlight 
the fact that environmental influences (whether “external” or “internal” to the 
biological networks in this scheme) affect DNA sequences, their expression, 
and the shaping of phenotypic traits. Any diagram of these complex 
relationships is limited in what it can show. For details, see the text.
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DNA sequence 2 directly, and solely, contributes to phenotype 
characteristic B. This is the “ideal” scenario, which was once 
thought to be generally applicable. It is, in fact, either extremely 
rare or simply does not occur, except at the level of proteins in 
lower organisms such as prokaryotes.

DNA sequence 3 contributes to multiple phenotype characters 
(C, D, and E), whereas phenotype character E depends on DNA 
sequences 3–5. Such multiple connections are now known to be 
universal. The DNA–phenotype effects are, therefore, conditional. 
For example, a change in sequence 3 may not be translated into 
character E unless sequences 4 and 5 are knocked out as well; this 
again may contribute to potentially false-negative findings.

In addition, DNA–phenotype effects may affect other links, 
such as the one depicted by the dashed-line black arrow from 
phenotype characteristic E to DNA sequence 6 and, conse-
quently, to characteristic F (this is merely one example and 
does not even begin to address the complexity of feedback from 
pheno type characteristics to underlying genetic determinants); 
this type of interaction may give rise to false-positive interpreta-
tions of data.

Each phenotype character also depends on cellular inheritance 
and on the influence of the environment via epigenetic and/or 
acute effects (see green arrows in Figure 3). All these influences 
are mediated by networks within cells and tissues. The traditional, 
“differential” view of genetics avoids  acknowledging this media-
tion by focusing on a single change (usually a mutation, addition, 
or deletion) in a DNA sequence and the observed net change in 
phenotype. It then defines this as “the gene for” that characteristic 
(or, more precisely, the observed “difference” in characteristics). 
Clearly, this ignores the great majority of the components that, 
in combination, give rise to a phenotype character.

The logic of these conditional effects may be very complex, 
with various combinations forming a sufficient set of parameters 
that may give rise to similar or identical phenotypes. The major 
goal of a Systems Biology approach to genome–phenotype rela-
tions is to work out this logic. An “integral” view of  genetics, 
which takes these complexities into account, is therefore essen-
tial to the success of Systems Biology.10,27,28

role oF modelS For SyStemS reSeArch
Conceivably, if biology had turned out to be as simple as early 
geneticists envisaged, it could have continued to be an essentially 
descriptive subject. Identifying functions and their genetic causes 
could have been viewed as simply linking the two together, bit by 
bit, a function or a gene at a time. The complexity represented 
(albeit only partially and simplistically) in Figures 2 and 3 shows 
that this is far from being the case. Beyond a certain degree of 
complexity, descriptive intuition often fails. When large numbers 
of genes and proteins are involved, the combinatorial problems 
become seriously challenging.29 This is one of the reasons for 
another major characteristic of the Systems Biology approach: 
it makes extensive use of mathematical modeling in order to 
represent and understand complex interactions of parts and 
biological entities.

Mathematical models, however, need to be used with care. 
They are aids to thought, not a replacement for it. The only 
serious difference between a biologist who uses mathematical 
modeling and one who does not is that the former explores the 
consequences of his ideas quantitatively, including implemen-
tation of computational experiments to assess the plausibility 
of those ideas. The potential benefits of doing so are obvious 
because quantitatively plausible predictions improve subsequent 
 hypothesis-driven experimental research. William Harvey30 
used this approach in his convincing arguments for the circu-
lation of blood, when he calculated how quickly the blood in 
the body would run out if it did not recirculate (see also ref. 7). 
Using mathematics for quantitative prediction, Harvey arrived 
at an assessment of the plausibility of a certain hypothesis (or 
lack thereof, as the case may be).

Modeling of the electrophysiology of the heart, in particular, 
has repeatedly been used to direct new experimental approaches. 
In this process, the “failures” (predictions that were shown wrong 
in subsequent experimental assessment) have been as impor-
tant as the “successes,”31 as Figure 4 illustrates. Let us assume, 
for a moment, that we all agree that proper scientific process is 
based on review of the available data and knowledge, followed 
by interpretation to form a  falsifiable hypothesis, which is then 
subjected to validation.32 Falsifiability of a theory as a virtue has 
been highlighted before, for example, by leading philosopher 
of science, Sir Karl Popper, who stated: “A theory which is not 
refutable by any conceivable event is non-scientific. Irrefutability 
is not a virtue of a theory (as people often think) but a vice.”32

This view holds for the exploration of biological behavior. For 
the purpose of this argument, it does not matter whether this 
process is aided by formalized theoretical models (e.g., com-
puter simulations) or is based entirely on conceptualization by 
an individual or group. If the validation shows agreement with 
the hypothesis, all it does is reconfirm what has been antici-
pated. Thus, arguably, no new insight is generated, although 
the data that emerge from the validation can be fed back into 
the scientific process (see Figure 4, right), and the same mod-
els (or concepts) will be applied in the future with a higher 
degree of confidence. Compare that to rejection of a hypothesis 
(Figure 4, left). Often seen as a less desirable outcome, it is when 
we show our best-conceived predictions to be wrong that we 
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Figure 4 Schematic illustration of the scientific process and the role of 
validation. Emphasis is placed on the fact that, contrary to the common 
perception, the intellectual benefit of hypothesis rejection (left) may exceed 
that of confirmation (right). The value of successful hypothesis validation lies 
in increasing the level of confidence in a particular conceptual approach. 
Rejection highlights shortcomings in the approach and can be productive in 
guiding improved data acquisition, interpretation, and hypothesis formation.
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learn something about shortcomings in input data, their inter-
pretation (including any formalisms applied to aid this process), 
and/or the ensuing hypothesis (assuming that the approach to 
validation was suitable and applied correctly). This is the stage 
of the scientific process in which new insight is generated and 
the seeds for further progress are laid.33

Therefore, experimental information is the key to proper 
model development and validation, suggesting that “dry” com-
putational modeling should not be pursued in isolation from 
“wet” lab or clinical studies. Incidentally, the reverse statement 
is prudent, too. Studies involving biological samples benefit from 
theoretical assessment of most likely outcomes, helping in the 
selection of promising approaches, supporting experimental 
design, and avoiding ill-conceived studies.34 In other words, the 
cycle of “wet” data generation, “dry” interpretation and hypoth-
esis formation, “wet” validation, and so on, should be seen as a 
continuous chain. Theoretical and practical research approaches 
do not thrive in isolation from each other.

The main limitations of mathematical modeling in biology 
arise from the very complexity that makes such modeling neces-
sary.35 By definition (model = simplified representation of real-
ity), all models are partial descriptions of the original, whether 
they are conceptual (to think is to model!), mathematical/com-
putational, or experimental/clinical. Of note, even an individual 
human would not be a perfect model system for the entire spe-
cies, calling for patient-specific tools (including models) for 
prevention, diagnosis, and treatment.

Of course, a full representation of all aspects of a given real-
ity in a “model” would render it a copy (or a clone). This would 
suffer exactly the same shortcomings with regard to the insight 
generated, ranging from complexity-related difficulty in identi-
fying causal interrelations to ethico-legal boundaries on permis-
sible interventions and data-gathering approaches. By the very 
definition of the term, an “all-inclusive” model would cease to 
be a model. The attempt to make such a model would strip it of 
all its advantages. It would be overburdened by what stands in 
need of simplification or explanation and offer no advantages 
for targeted assessment of hypotheses. 

Like tools in a toolbox, each model has its inherent limitations 
and its specific utility. As an illustration, let us consider models of 
a train. Depending on purpose (toddler’s toy, collector’s replica, 
miniature railway), emphasis may be on simplicity, mechanical 
sturdiness, and color; on “to-scale” representation of appearance; 
or on mechanical function and ride comfort. An “all-inclusive 
model” of a train that captures every aspect, however, would be 
another train (and, as in patients, there are no two truly identical 
ones either). The copy train would not be suitable for application 
to the aforementioned model purposes, whether for the toddler, 
for the collector’s display cabinet, or for your local landscaped 
gardens. Therefore, models can be good or bad only with respect 
to a particular purpose (in fact, well-suited or ill-suited would 
be more appropriate categories), but modeling per se—the uti-
lization of simplified representations of reality—is neither: it is 
simply necessary. We all do it, in one way or another.

The difficulty in the case of complex biological systems (as 
opposed to man-made items) is that, on the basis of our present 

level of understanding, models remain very partial indeed. 
Therefore, for some time to come, there will be a place for both 
negative and positive validation to drive model improvement 
and to calibrate confidence. A problem to be wary of, not only in 
the context of formalized (mathematical) modeling, is what we 
can call the plausibility trap—just because a model reproduces 
observed behavior does not mean that implicated mechanisms 
are major contributors or even that they are involved at all. All 
that such models can do is to illustrate quantitative  plausibility 
(which, in its own right, is certainly a major achievement). Even 
established theoretical models, therefore, require continual 
 validation of predictions against the above described outcome-
dependent consequences.

SyStemS Biology ApplicAtion
If Systems Biology is accepted as an approach to biomedical 
research and development that, from the outset, consciously 
combines reduction and integration across a wide range of 
spatio-temporal scales, then one can explore different starting 
points for this systematic exploration of biological function.

Bottom–up
This is the classic molecular biology approach and can also be 
termed the “forward approach.” It starts with “bottom” elements 
of the organism—genes and proteins—and represents these by 
equations that describe their known interactions. “Bottom” here 
is, of course, metaphorical. Genes and proteins are everywhere, 
in all cells of the body. It is a conceptual convenience to place 
them at the bottom of any multiscale representation, that is, with 
structures of low spatial dimensionality. From these components 
and their interactions, the modeler aims to reconstruct the sys-
tem, including multiple feed-forward properties. It is conceivable 
that this might work in the case of the simplest organisms, such 
as prokaryotes, which can be represented as a relatively formless 
set of molecules with their networks surrounded by a lipid cell 
membrane. In the case of eukaryotes, many of the interactions 
between the components are restricted by the complex cell struc-
ture, including organelles. The forward approach would necessar-
ily include these structures, in which case it is no longer purely 
bottom–up because, as we have already noted, many of these 
structural features are inherited independently of DNA sequences. 
Levels higher than DNA and proteins would be necessary for suc-
cessful modeling. This does not imply that a bottom–up approach 
is of no value. It simply means that this approach, and the vast 
databanks that are being developed through genomics, pro-
teomics, and bioinformatics, need to be complemented by other 
approaches. This need is underlined by studies showing that the 
great majority of DNA knockouts do not afford any insight into 
normal physiological function (for an example, see ref. 16).

top–down
This may be regarded as the classic physiology approach, some-
what akin to reverse engineering. First, study the system at 
a high level, then burrow down to lower levels in an attempt 
to arrive at an inverse solution. In this case, we start with the 
system and try to infer its parts and their functionality. This 
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approach has succeeded in some cases. The study of circulatory 
and respiratory physiology started off with the successful iden-
tification and characterization of a system (closed circulatory 
loop, pump function of the heart, gas exchange in lungs and 
tissues), leading eventually to identification of cells (red blood 
cells) and molecules (such as hemoglobin) that transport oxy-
gen, and so on. It must be admitted, of course, that this approach 
has had its failures. High in the list of these failures is the classic 
view of genetics. Burrowing down to the level of DNA using 
differences in the phenotype to infer the existence of particu-
lar genes and then identifying individual properties from these 
DNA sequences can be seen as one of the great success stories 
of twentieth-century biology. Unfortunately, however, it works 
in only a small proportion of cases. The reasons are explained 
in Figure 2. There is no basis for supposing that we can always 
correctly infer the existence of particular DNA sequences from 
observations based on the pheno type because the relations 
between genotypes and phenotypes are massively multifactorial 
(Figure 3). In cross-species cloning, for example, cytoplasmic 
networks can even influence phenotypes (such as numbers of 
vertebrae), contradicting the expected genome influence.36 In 
this case, the “gene” (in the classic sense of the term) is in the 
egg cytoplasm networks!

middle–out
The limitations of the bottom–up and top–down approaches 
used in isolation have led to the adoption of the middle–out 
approach in a major proportion of work in Systems Biology at 
higher levels.37 It can be represented as locally combining the 
bottom–up and top–down approaches, but that is only part of 
the story. Its success in the Physiome Project was possible pre-
cisely because it is pragmatic. Modeling begins at any level of the 

organization at which there are sufficient reliable data to build 
a model. This is the starting point of the middle–out approach. 
It involves exploration of parameter spaces at the chosen level. 
The next step is to reach toward both higher and lower levels 
of structural complexity (the “out” part of the metaphor). A 
good example of this approach is the modeling of the heart, 
which started at the level of the cell by representing processes 
and components that contribute to electrical, mechanical, or 
metabolic functions (see refs. 38, 39). It then reached upward 
to tissue and organ levels by incorporating the cell models into 
detailed models of higher-level tissue and organ structure (see 
refs. 40, 41) and downward to the genome by representing the 
effects of known genetic changes on the proteins represented in 
the model (see refs. 42, 43).

Whichever approach is adopted, successful models span dif-
ferent levels of organization. Causes of particular phenotype 
characteristics are unraveled as multidimensional interactions—
the networks depicted in Figure 2. This leads us to a discussion 
of a very important conceptual tool: the multidimensionality 
of the many complex interactions in biological systems can be 
represented by what can be termed “landscape diagrams.”

the landscape concept
Appreciation of the complexity and multidimensionality of the 
relationships between the components of organisms is not new. 
The idea of representing these relationships in the form of land-
scapes was introduced by Wright44 and Waddington45,46 (for a 
review, see ref. 47). When Waddington introduced his landscape 
metaphor, he used it to depict the rearrangements of genes in 
the gene pool that trigger the expression of different combina-
tions of pre-existing alleles in response to environmental stress, 
a process he called epigenetics (note that the modern definition 
of epigenetics is different—it usually refers to chemical marking 
of the DNA). However, the landscape concept can usefully be 
applied much more broadly, relating the function of the bio-
logical system (or phenotype) to properties that we may seek 
to vary clinically (such as by pharmacological or device-based 
interventions) in order to manipulate the system toward a state 
of stability, safety, or health. Because of its focus on interac-
tions, the landscape approach is already being used in Systems 
Biology.48

The underlying concept is that networks of interactions in 
a biological system can be represented as a multidimensional 
space in which variations in any of the parameters can be seen 
to correspond to perturbations in one (or more) of the dimen-
sions. These effects find representation as changes, either in the 
 landscape itself, as a translocation of functional states from one 
point to another within a given landscape, or a combination of 
both. Figure 5 illustrates a conceptual example of state translo-
cation to show how covariation of two parameters (P1, P2) may 
give rise to principally different effects on systems behavior (see 
the color scale) than one would have predicted from changing 
either of these parameters in isolation.

The importance of parameter interaction in complex sys-
tems has long been appreciated by engineers, and, correspond-
ingly, mathematical theories to deal with this issue have been 
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Figure 5 Schematic illustration of the landscape concept in parameter space. 
The value of a hypothetical biological function (color-coded, z axis) varies 
as a function of multiple parameters, including P1 and P2. Assume a patient 
whose biological profile places him in position A, where the desired action 
(or a “side effect” associated with another treatment) is a reduction in the 
P1 value toward a new target level. Direct reduction in P1 (black trajectory) 
leads to severe negative consequences. Covariation in both P1 and P2 (white 
trajectory) allows transition toward the desired P1 levels without detrimental 
changes. An isolated reduction in P2 to the same extent (gray trajectory) 
would also be detrimental, showing that the combined action (passage from 
A to B) would not have been an intuitively obvious path to take.
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developed. In one such approach, parameter interactions can 
be explored using “response surface methodology,”49 a subset 
of “design of experiments” theory.50 This collection of statisti-
cal techniques is tailored for parameter space exploration, with 
the aim of identifying maximally effective target combinations 
with the minimal number of experiments. Initially applied to 
optimization of production processes in various industries, 
the potential of these techniques for parameter optimization 
in drug- and device-based diagnosis and therapy has begun to 
be explored.51,52 

The landscape approach aims to proceed beyond parameter 
optimization, to identify trajectories for dynamic parameter vari-
ation while keeping responses within a certain range. In Figure 5, 
for example, a straight connection from A to B would involve 
transition via a response range that, depending on dynamics (e.g., 
dwell times along parts of the trajectory), could be detrimental. 
This is avoided by moving through the intermediate target A′. 
Trajectory identification can be conducted in multiple ways. One 
option is to acquire a thorough knowledge of the entire landscape. 
This can be done using brute-force multidimensional parameter 
space exploration or with the guidance of coarse (or even adap-
tive) grid-point  characterization, followed by detailed mapping 
of regions of interest (e.g., areas of steep changes in biological 
function or regions near known sites of desirable/undesirable 
functional behavior). Alternatively, one can conduct neighbor-
hood mapping from (multiple) known source or target locations 
and try to interrelate identified fragments.

This is not a mere conceptual pastime; it is relevant to the 
development of therapeutic interventions. Early forays include 
the mid-nineteenth-century studies of Fraser, who noted the 
“hyperantagonistic” effect of two drugs: the herbal  poison “phys-
ostigma” (a cholinesterase inhibitor) and “atropia” ( atropine, a 
competitive antagonist for the muscarinic acetylcholine receptor 
that can act as a therapeutic antidote, unless given in excess).53 
Today, multi-drug combinations are common in medical treat-
ments, and the effects of drugs can be additive, synergistic, 
antagonistic, or give rise to qualitatively different side effects 
(for example, via changes in compound  metabolism). A good 
practical example is the evolution of knowledge concerning 
the actions of ranolazine (CV Therapeutics, now Gilead, Palo 
Alto, CA). This compound blocks the hERG channel (human 
Ether-à-go-go Related Gene, underlying the rapid delayed rec-
tifying potassium current, IKr) and thereby prolongs the action 
potential in cardiac muscle cells. This type of response can be 
associated with an increased likelihood of heart rhythm distur-
bances. This is not the case here, however, because ranolazine 
also partially blocks the persistent sodium current (iNa,p).54 This 
combined action has two beneficial effects: it suppresses the 
development of so-called “early after-depolarizations” (which 
can cause acute initiation of heart rhythm disturbances), and it 
reduces sodium loading of the cell (which is a risk factor in the 
longer-term development of arrhythmias55,56). The blocking of 
iNa,p in isolation can also have negative side effects, in that this 
channel subtype is important for the initiation and conduction 
of the heart’s electrical activation. Therefore, similar to what is 
shown in Figure 5, the combination of two wrongs can actually 

make a right. To date, ranolazine has been given US Food and 
Drug Administration approval for use in chest pain of cardiac 
origin (angina pectoris); further studies evaluate whether it is 
also an effective antiarrhythmic drug.

Similarly, the landscape concept can be productive in the 
development and application of medical devices. An example 
comes from the study of biventricular pacing optimization. 
Initial multiparameter pacing studies relied largely on varying 
one pacing parameter at a time, neglecting possible parameter 
interdependence that may give rise to  nonlinear or cumulative 
effects. The advantage of exploring multiple variables simultane-
ously has been demonstrated in studies of simultaneous optimi-
zation of left ventricular pacing site and interventricular57,58 or 
atrioventricular59,60 pacing delay. Here, independent variation 
of single parameters may cause hemo dynamic deterioration, 
whereas covariation improves patient status. The best trajec-
tory of parameter variation for biventricular pacing optimiza-
tion, for example, has been identified using a gradient method 
for targeted neighborhood mapping to guide the user through 
optimal parameter combinations.61

There are also many physiological examples of similar rela-
tionships in the heart. For example, hyperkalemia on its own 
can be fatal, as can be an excess of adrenaline. But when the 
two increase together, such as in exercise, the result is “safe.”62 
The covariance of parameters can also go in opposite direc-
tions. For instance, when the background sodium current iNa,b 
is progressively reduced in a sinus-node pacemaker model, the 
hyperpolarization-activated “funny” current, if, automatically 
increases. The net result of this is a minimal change in beating 
rate.63 This kind of reciprocal variation must be a basis for 
the robustness that biological systems display in response to 
interventions such as gene knockouts, many of which appear 
to have no phenotypic effect. Hillenmeyer et al.16 studied this 
phenomenon in yeast and found that 80% of knockouts had 
no effect on the phenotype, as measured by cell growth and 
division, in a normal physiological environment. But when 
the organisms were metabolically stressed, 97% of the same 
knockouts did affect growth. In this example, the pheno-
typic expression of any given gene was therefore conditional 
on what the metabolic networks were experiencing. When 
backup networks are called into play because a particular 
metabolite is in short supply, the deficiency at the level of 
DNA may be revealed.

In mathematical models, robustness—that is, lack of signifi-
cant changes in systems behavior despite significant para meter 
variation (for an example, see ref. 64)—is also referred to as 
“parameter sloppiness.”65 Determining safe areas in a func-
tional landscape (Figure 5) is therefore equivalent to identifying 
regions of sloppiness. This is done by systematically exploring 
the range of parameter changes to which critical behavior of the 
system is insensitive. Such “insensitivity analysis” can be con-
ducted either locally or in global parameter space. Estimates of 
global parameter sensitivity are typically based on sampling local 
sensitivities over multiple regions of a landscape (for example, by 
using the Morris method, see ref. 66). This requires close itera-
tion between experimental data input and theoretical  modeling 
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and is somewhat akin to the daunting task of drawing a map of a 
city by taking underground train transportation and character-
izing the landscapes that present themselves at each overground 
exit without knowing the precise spatial interrelation among 
the stations.

What helps is that “sloppiness” is thought to be a universal 
property of Systems Biology models (much as “robustness” 
is common among biological systems). If this is true, it will 
be of great importance, for both the development of mathe-
matical models and their practical application. Knowledge of 
critical parameter ranges is essential for producing reliable and 
 predictive models, while insight into “uncritical” aspects will 
allow parameter reduction and model simplification. In the ideal 
 scenario, models will be as complex as necessary yet as simple 
as possible to address a given problem.67

concluSionS
Systems Biology is an approach to biomedical research that 
consciously combines reduction and integration of informa-
tion across multiple spatial scales to identify and characterize 
parts and explore the ways in which their interaction with one 
another and with the environment results in the maintenance 
of the entire system. In this effort, it faces the difficult task of 
connecting genomes and phenotypes, which are linked in a bidi-
rectional manner and through complex networks of interaction, 
including modulation by the environment of the system itself. 
This process would be impossible without the use of advanced 
computational modeling techniques to explore the landscapes 
that are constituted by mutually interacting and highly dynamic 
parameters. The challenge for Systems Biology is to use mul-
tiparameter perturbations to identify the safe areas, in which 
covariation of multiple processes supports the maintenance of 
stability. Valleys in the landscape interconnect such areas, and 
their topography can guide the selection of patient-specific and 
safe treatment options.

This approach can be of use to the pharmaceutical industry 
in three ways. First, we may identify multitarget drug profiles 
that would be beneficial for a given purpose or condition. In 
fact, there may well be multiple solutions to the same problem, 
thereby expanding the range of available options for individual 
patients. Second, we should be able to predict tectonic changes, 
which involve the landscape itself being altered in such a way 
that the system shifts to a principally different, perhaps unstable, 
state outside the normal physiological range. Characterizing the 
factors that determine a switch from normal, or even disturbed, 
cardiac rhythms with a regular pattern (e.g., bradycardias or 
tachycardias) to chaotic behavior (e.g., fibrillation) is a good 
example. Achieving this, and then relating it to known proper-
ties of drug compounds, would greatly help the  pharmaceutical 
discovery process (see ref. 68 for a comprehensive account of 
why this shift toward virtual R&D strategies will be vital for the 
industry as a whole). Third, if we have identified one (or several) 
safe combination(s) of background activity and intervention 
profiles, we may be able to map out isolines that demarcate the 
safe from the unsafe directions (“map out the valleys”). Patient-
specific insensitivity analysis in particular could hold the key to 

identifying and eliminating the main obstacle to many other-
wise efficient pharmacological treatments—drug side effects.
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