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Abstract High-throughput experimental technology has
provided insight into the inner functioning of plants. The
current experimental technology facilitates the study of
plant systems in a holistic manner, measuring observables
from the genome, proteome, and metabolome up to the
level of the ecosystem. The call for a systemic view in
plant research is being made from multiple research fields.
Although not yet fully developed for tree research, data
sources are also rapidly growing in this area. Nevertheless,
there are challenges and pitfalls in dealing with such
increases in data. Some of these difficulties are deeply
rooted in the complexity of the evolutionary systems. The
lessons from complexity theory are rooted in studies performed several decades ago. Honouring principles that
were formulated before bioinformatics and systems biology
had been introduced facilitates the derivation of analytical
methods with the potential to overcome these challenges in
several ways.
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‘Omics’ research: where are we today?
Despite the unquestionable success of modern highthroughput technology in deciphering regulatory mechanisms in plants (see e.g. Ahuja et al. 2010; Urano et al.
2010), the advances in so-called ‘omics’ technology continues to provide insight into an ever-growing complexity
of life. Starting with an analysis of plant genomes, the
technology moved on to transcriptomes, proteomes, and
metabolomes and then to modern research on plant phenomes and interactomes (Mochida and Shinozaki 2011;
Weckwerth 2011). There are few examples linking such
analyses in forest trees, including climate change conditions (Matyssek et al. 2007; Bylesjö et al. 2009; Hall et al.
2011; Ernst et al. 2012a, b). At the same time a growing
number of authors reiterate the promises and hopes put into
holistic views of plants and the possibility to answer all
questions using in silico modelling (Shulaev et al. 2008;
Yuan et al. 2008).
Thus, what Brenner wrote over a decade ago still remains
true: ‘‘There seems to be no limit to the amount of information that we can accumulate, and today, at the end of the
millennium, we face the question of what is to be done with
this information. …[I]t is clear that the prime intellectual
task of the future lies in constructing an appropriate theoretical framework for biology’’ (Brenner 1999).
Systems biology seems to provide the realisation of this
task (Kitano 2002; Ng et al. 2006) as it picks up complexity, shifting the focus in molecular biology from
studying single genes to complex interaction networks of
genes, proteins and metabolites (see also Fox Keller 2005a
for theoretical comments).
The initial enthusiasm is waning, however, as time
passes. Experimentalists and theorists are encountering the
limits of their approaches. Raising doubts culminate in
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provocative titles, such as ‘‘Can biological phenomena be
understood by humans?’’ (Nature 403:345; 27 January
2000). One obstacle is the challenge of processing, integrating and standardising the large amounts of data created
from high-throughput experiments (see e.g. Cassman 2005;
Joyce and Palsson 2006; Fukushima et al. 2009). We will
not dwell on these issues here, but rather, we will focus on
some theoretical aspects, i.e. analysing and modelling
experimental data. Thus, the aim of this review is to show
the common pitfalls of data analysis and modelling in
‘omics’ experiments (‘Omics’ research: pitfalls and challenges). We will closely examine the origins of these
drawbacks, i.e. the complexity of the phenomena being
studied (Systems biology: what is its intention?). By
reviewing the evidence obtained from the theoretical
research in ‘‘Systems theory: where are we coming from?’’,
we can see that the call for holistic approaches is not new.
We will therefore consider lessons learned from cybernetics and systems theory during the first half of the
twentieth century. After focusing on examples of ‘omics’
experiments in tree research, the last section will present
several approaches based on these lessons that might
therefore provide an alternative path for future research.

‘Omics’ research: pitfalls and challenges
Lay et al. (2006) outlined the challenges of state-of-the-art
‘omics’ research, grouping them into four categories: bias,
statistics, methodology, and method misuse.
As with bias, the problem partly lies in the size of the
available data sets. With such large sets, correlations apart
from any cause–effect relationship are likely to occur. Thus,
the risk of false positives is significantly higher. At the same
time, the increasing pressure to publish quickly introduces a
bias towards positive findings (see also Ransohoff 2005;
Pfeiffer and Hoffmann 2009). There is an analogous risk of
false negative findings, but due to the common practice of
publishing, the risk of false-positive findings is higher.
The statistical challenge is rooted in the high number of
observables compared with the commonly low numbers of
replicates. Wacholder et al. (2004) examined this problem
in more detail, investigating the factors that determine the
so-called false-positive-report-probability (FPRP), including the level of significance for a given p value, the statistical power of the test, and the prior probability of the
hypothesis to be true.
The challenge of methodology comes from the huge
number of methods needed to properly perform ‘omics’
experiments and analysis (Galbraith 2006). It can hardly be
expected that a researcher is able to deal with all the
necessary methods stemming from various areas of
research at the same competence level.
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The fourth class, called ‘fitness of use’, comprises
multiple problems rooted in different laboratories performing the various steps without standardisation, particularly in emerging areas of research, and a lack of proper
validation methods. The latter is accompanied by the reliance on validated databases and access to meta-data to
properly evaluate the appropriateness of the data used for
comparisons (see e.g. Cassman 2005).
Apart from these challenges and difficulties, there is an
underlying, deeper problem that stems from the complexity
of life itself. The fallacies of purely gene-oriented research
in plant sciences have been previously noted (see e.g.
Sinclair and Purcell 2005; Lüttge 2012). Post-genomic
research requires new strategies and methods which even
might not have been developed yet (Brenner 1999; Castrillo and Oliver 2004). ‘‘To pretend that technological
innovations will enable the understanding of these complex
phenomena is just wishful thinking. Instead we need a
novel way of thinking about these problems’’ (Soto and
Sonnenschein 2006).
With respect to this ‘novel way of thinking’, let us
mention two aspects of major importance. First, we are
interested in understanding the functioning of regulatory
mechanisms in living organisms. Apart from the pure
presence of constituents, there are multiple interactions
among them. Regulation in plants is often redundant and
realised through the interactions of components on various
biological scales. Thus, we need a shift from presence/
absence correlation, which is the main tool in large-scale
‘omics’ analysis, to functioning, i.e. interaction networks
(Sweetlove and Fernie 2005; Sauer et al. 2007; Mazzochi
2008).
Second, there is a common understanding that environmental adaption plays an important role in this process.
However, the identification of this role and the characterisation of its mechanisms of action remain unknown. For
example, considering the question of whether changes in
gene expression are fixed through evolution, there is support for the hypothesis that ‘‘the majority of expression
differences observed between species are selectively neutral or nearly neutral and likely to be of little or no functional significance’’ (Khaitovich et al. 2004). Without
doubt, the interaction always occurs within an environment. Thus, we have to consider that environment.
Understanding natural variation as a response to evolution
within a certain environment has consequently been proposed as one of the ‘‘grand challenges in plant systems
biology’’ (Fernie 2012; see also Baker 2012).
A consequence of the precise definition of boundaries
for the system under scope is the possibility of considering
hierarchies of systems. However, as such, the hierarchies
also become contingent on the perspective of the observer.
What might be diversity at one level will be a collection of
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constituents on the higher level. Thus, diversity on the
ecosystem level can be both a means of internal variability
of the system and pleiotropy of the environmental interactions driving adoption on the species level. In the first
interpretation, it is a way to maintain internal stability,
whereas the second point of view stresses the amount of
pressure for adoption. Regardless of the choice, natural
diversity should be considered as a chance to address
environmental influence on organismal systems (for plant
systems, see Kliebenstein 2010; Fernie 2012).

Systems biology: what is its intention?
The call for holistic approaches and system perspectives is
not new. We next trace the roots of this call.
Pauline Hogeweg and Ben Hesper are commonly mentioned as having coined the term ‘bioinformatics’ (see
Hogeweg 2011 for some historical remarks). It is one of
these surprising arabesques of history where the original
intention for introducing a new discipline seems to match
the modern day agreement on the future need for systems
biology, rather than the dominant understanding of bioinformatics as a discipline of data collection, database search
and data organisation. Clearly, systems biology might have
as many meanings as there are authors writing on subjects
from the field, but there appears to be two major interpretations (see also Westerhoff and Palsson 2004). One of
them might be called the ‘systemic approach’: applying all
types of ‘omics’ technology to obtain a holistic view of the
living system on all scales of biological organisation, from
genomes, proteomes and metabolomes to ecosystems and
even biotechnology (Fukushima et al. 2009; Sauer et al.
2007; Weckwerth 2011). Regarding plants such a program
has been mainly executed for the model system Arabidopsis thaliana. Next-generation sequencing also focuses on
the study of important crop plants. Regarding forest trees,
apart from poplar, not much information is available
(Wullschleger et al. 2009). The establishment of tree databases and transcriptomics (Pavy et al. 2007; Yang et al.
2009; Parchman et al. 2010; Ueno et al. 2010; FernándezPozo et al. 2011), proteomics (Abril et al. 2011) and
metabolomics (Ossipov et al. 2008; Businge et al. 2012)
will support comparative ‘omics’ for forest trees.
With a slightly different focus, the second interpretation
stresses in silico modelling of large-scale interaction networks as a tool to unravel the fundamental mechanisms of
life. As Denis Noble, one of the pioneers of systems
biology, states: ‘‘There is therefore no alternative to
copying nature and computing these interactions to determine the logic of healthy and diseased states’’ (Noble
2002). In terms of bioinformatics, this is indeed what
Hogeweg and Hesper aimed: ‘‘first, to analyze patterns of

variation at multiple levels in organisms; second, to detect
emergent phenomena in models; third, to compare the
outcome of such models with ‘real’ data; and finally, and
most profoundly, because the relationship between genotype, phenotype, behavior, and environment itself can be
seen as a type of pattern recognition or pattern transformation … understanding these processes’’ (Hogeweg
2011). Thus, it surprised the inventors of bioinformatics
that with increasing experimental technology, bioinformatics became the field of computational methods for data
analysis and data management (see Hogeweg 2011).
Why did the field develop this way? Interestingly, both
interpretations of systems biology and bioinformatics in its
original sense address the limits of the reductionist
approach. It is a common understanding in system-centric
approaches that we have to move beyond these limits of a
purely reductionist view. ‘‘The reductionist approach has
successfully identified most components and many interactions but, unfortunately, offers no convincing concepts or
methods to understand how system properties emerge’’
(Sauer et al. 2007). Soto and Sonnenschein (2006) discuss
what they propose as the shortcomings of reductionism.
The key argument against reductionism is that emergent
properties of complex living systems cannot be explained
through the system’s parts. Although there is a philosophical debate concerning the proper foundation of the concept
of emergence (see e.g. Kim 1999), there is no doubt that
certain properties of complex systems, e.g. emergence and
contingency, challenge the traditional way natural sciences
proceed, particularly when moving from a mainly descriptive perspective towards a functional understanding and
controllability of living systems (Mazzochi 2008).
The current claims of authors today have already been
formulated in the first half of the twentieth century. The
study of the properties of complex systems and the
deduction of principles of complexity has a long tradition,
in particular, in theoretical biology. Norbert Wiener is
considered as one of the founders of the field, coining the
notion of cybernetics (Wiener 1948), a topic that has been
discussed from the point of view of theoretical biology by
Ashby (1957). Later, von Bertalanffy (1969) formulated his
‘General System Theory’ with the aim of developing a
unified, multi-disciplinary approach to general systems.
We might only speculate about the reasons why these
approaches have been lost attention in many publications in
large-scale biology during the last decades. One reason
might reflect the rapid advances in computing technology
nourishing the hope to overcome the limits of complexity
through intensive computing. Interestingly, living systems,
evolutionary development and self-organisation, through
the interaction of biological agents, have always been and
still are an important source of inspiration in artificial
intelligence and technical cognition.
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Systems theory: where are we coming from?
Considering the ideas provided by these early pioneers of
cybernetics and systems theory, we propose that certain
aspects of the difficulties mentioned above are rooted in the
complexity of the systems being investigated. Let us briefly
recall some of the basic ideas in systems theory, that have
been exposed in much greater detail in the works mentioned.
There is no common definition of a system. The discussion concerning such a precise definition is a rather
philosophical one. One of the difficulties lies in the fact
that a system cannot be defined without the role of the
observer, leading into the dispute over constructivism.
However, for our purpose here, providing a practical notion
is sufficient. Therefore, we propose that a system is defined
through individual agents and their interactions. The aspect
that the agents interact should be stressed. Through interaction, the system is defined as a whole and cannot be
taken apart (Ashby 1962; Gershenson 2011b).
Notably, the choice of agents and the interactions considered remains contingent on the perspective of the observer. Thus, biases are unavoidable not only on the
methodological side. ‘‘Ontological statements, i.e. about
things as they ‘really’ are, independent of an observer, are
fictitious. Once a statement—ontological or of any kind—is
made, this has been made by an observer, turning it into
epistemology, i.e. things as they are perceived and described’’ (Gershenson 2011b). Therefore, the bias challenge
mentioned by Lay et al. (2006) partly results from the subconscious influence of the observer. This role naturally
resurfaces in statistical methodology (cf. FPRP factors
mentioned above).
Referring a system back to interactions implies shifting
the focus onto the latter. Systems theory can be considered
as the theory of the interaction of individual agents.
Because interaction is a concept involving two partners,
there is no interaction without communication in a general
sense of the word. Thus, we can use communication as a
surrogate to experimentally study biotic/abiotic interactions (Ashby 1962). Notably, such an approach provides a
suitable method to experimentally study interactions.
Communication can be measured through information (see
Shannon and Weaver 1949). Moreover, information can
also be used to describe the organisational status of a
system (Gershenson 2007).
The concept of communication as a way to address
organisational complexity is rooted in the theory of thermodynamics. Prigogine developed a theory of dissipative
structures (see e.g. Nicolis and Prigogine 1977) pushing
Boltzmann’s work on statistical mechanics beyond the
limits of closed systems in equilibrium. Within this
framework, structure emerges from conditions that keep
the system away from equilibrium through the flow of
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energy. In this way, a complex system counterbalances
instability resulting from fluctuations within its environment. ‘‘There is competition between stabilization through
communication and instability through fluctuations.’’
(Prigogine and Stengers 1984). The parameters of the driving systems of differential equations can be used to study the
passage from instability to stability. Dissipative stability
therefore expresses itself through bifurcations, breaking of
symmetry, or phase transitions.
As the system also interacts with its environment,
determining a system implicitly fixes the boundary between
the system’s interior and exterior. We have previously
mentioned above that the boundary is contingent on the
perspective of the observer. Once fixed, adaption can be
considered as an emergent characteristic which rises from
the interaction of the system with its environment. Similarly, fitness can be interpreted as the property of a system to
persist for the long term.
Considering three agents, we can address the question of
whether the interaction of one agent with another is conditioned in some way through an interaction with the third.
In accordance with Ashby (1962), as soon as conditioning
is considered, we can think about organisation. Organisation describes the conditioned interaction of agents. As
such, organisation can be considered as a universal phenomenon underlying complex systems. Haken (1983)
established the field of synergetics, studying the principles
of ordered and collective interaction. Both, Haken and
Prigogine provided a basis to study organisation in dissipative systems within a formal theory. Since then, their
ideas have provided rich inspiration for theoretical work.
Because all of these ideas are based on the interaction of
agents, communication provides the clue to analyse complex phenomena. As previously discussed, there is a wellestablished theory of communication (Shannon and Weaver
1949). Von Neumann (Morgenstern and von Neumann
1944) studied the concepts of interaction strategies and
resulting patterns, providing models of interaction systems.
Again, there is a wealth of theoretical work to be utilised to
analyse and unravel mechanisms of communication and
interaction in living systems.
Another aspect which has been mentioned previously, is
hierarchy. Although we have not properly defined what is
meant by ‘complex’, there is an intuitive understanding of
some systems being more complex than others. Thus, one
might utilise the characteristic of possessing parts that to
some extent share the properties of the whole as a working
substitute for complexity. In this sense, there is a hierarchy
of complex systems. In addition, the properties of the
system might not be observable at all scales. Turing’s work
on reaction–diffusion models (1952) is one of the first
formal analyses of emergent properties, arising from the
interaction of subsystems on a lower scale.
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It is widely accepted that living systems are complex.
However, is there any difference between a living and a
complex system?
In biology, we deal with living systems. Again, it is a
matter of philosophical debate what living means precisely.
Within a slightly more general context, we can talk about
viable systems. We will come back to this subtle difference
later on.
Ashby (1957) defined viability as an observable outcome
of a system that enables the system to return to internal
stability upon disturbance rooted in its environment.
Therefore, it is important to stress that stability is considered to be internal. In this context, an uprooted tree with
some external reinforcing structure will not be considered as stable. The ability of the system to reorganise
itself towards internal stability is called self-organisation.
Prigogine and Haken (Prigogine and Stengers 1984; Haken
1983) have given a formal definition to this concept. Again,
there is a philosophical peculiarity. Self-organisation
implies the availability of a suitable definition of ‘self’.
One way to escape the need for any teleological explanation
is to again consider the role of the observer. It is the
observer who assigns states, properties, characteristics, etc.,
to a system that he expects to be preserved during reorganisation (see also Ashby 1962; Gershenson and Heylighen
2003). The debate is much less theoretical than it might
seem from an experimentalists’ perspective. As previously
discussed, bias is immanent in all experimental work. Lay’s
call for fitness of use will not suffice. Can scientists actually
distinguish the tree from its rhizosphere in field experiments? Because we will never be able to observe an
organism as a living entity without its microbiome, does our
organismic notion of a tree make sense from a functional
perspective? There is increasing support for the idea to
consider the plant and its associated microorganisms as one
system (Zilber-Rosenberg and Rosenberg 2008). In a similar way, other levels of biological organisation have to be
considered within a larger scope, leading to the concepts of
the metagenome, metatranscriptome, and metaproteome.
With consideration for viability, we have to study the
mechanisms, allowing a system to return to its stable
internal state. How can such a goal be achieved within a
highly complex and unpredictable environment? Non-predictability, at least in any practical terms, is an immediate
consequence of open systems and non-linear dynamics.
Ashby introduced the concept of variety to address such
questions (Ashby 1957). In short, variety is a measure of
complexity quantifying the number of states a system can
take. Thus, a simple binary switch being on or off has a
variety value of two. Combining several binary switches,
the number of possible states quickly increases. For
example, consider a computer, which internally consists of
multiple binary switches linked together in multiple ways.

Being able to react to perturbations of the environment
in a certain way is then a matter of controllability. To
return to a given initial state, the system must be able to
return from—theoretically—any state back to its initial
state, which, clearly, is impossible. Thus, the weaker formulation of the problem requires for the ability of the
system to return from a perturbation of bounded intensity
back into one stable state—called an attractor—which is
acceptable in the sense of viability, i.e. retains the ability to
self-organise. Notably, such a state might not be a healthy
one. As such, nothing is said about the long-term consequences of choosing such a state. A pathological state, for
example, might lead to lower living expectance, although
for the moment, it might be stable. Furthermore, stability
alone is not enough. Clearly, death is also a quite stable
state, but not one which allows the system to self-organise
any longer. Thus, distinguishing between viability and
living becomes crucial at this point. The notion of life
carries some additional meanings such as, e.g. reproducibility, which we do not need to consider at this point.
Therefore, it makes sense here to distinguish living from
viable.
One fundamental result from cybernetics is Ashby’s
Law of Requisite Variety (Ashby 1957), which states that
the variety of a controller must be at least as large as the
variety of the system to be controlled. In other words, if a
system is able to balance the much larger variety of its
environment, it needs variety attenuators to cope with the
complexity of its environment. We note in passing that
there is a related statement in communication theory
(Ashby 1958).
In the same way, we as an observer with limited variety
have to cope with the much larger variety of the system
that we are studying. This can already be seen on the
methodological side. To perform proper experiments
requires diverse skills, ranging from chemistry to bioinformatics and statistics. The three challenges mentioned by
Lay et al. (2006), i.e. bias, the challenge of methodology,
and the challenge of fitness of use are necessary variety
attenuators. In addition, our experimental setup should
carefully select for parameters that can be manipulated
utilising variety attenuators. Otherwise, we might not be
able to observe any effect, as the system will be able to
buffer our external disturbance.

Experimental research: approaching the complex!
Let us now turn our attention to approaches honouring the
insights from systems theory and cybernetics.
The first important chance lies in the diversity of
approaches. Recall the role of the observer when studying
complex systems, and consider how reliable scientific
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insight could ever be achieved. History has provided us
many examples, showing that although specialised experiments will almost always be valid only within the precise
scope of the experimental setup, comparing various related
experiments will provide insight concerning the mechanisms behind the observations. Let us consider a famous
example. How much insight do we need to understand that
the principle behind an apple falling down a tree is the
same as the principle by which the earth rotates around the
sun? Without abstraction, we would never be able to
deduce such a principle. It is the mental capability of
abstraction that allows us to compare seemingly different
situations and infer the common principles underlying
them. Thus, a diversity of approaches is not only a consequence of the impossibility of different scientists to
address the same question in exactly the same way, but also
a chance to overcome the individual limitations of each
experiment. In this way, we respect the role of the observer
and use it to our advantage. Moreover, we should expect
that evolutionary systems have to come with a certain
amount of complexity because otherwise they might most
likely not have persisted within the previous process of
selection. Therefore, it seems quite likely that nature will
have varying answers to solve one problem, a phenomenon
that is widely observed in epigenetics. Heylighen formulated the principle of selective variety: ‘‘The larger the
variety of configurations a system undergoes, the larger the
probability that at least one of these configurations will
be selectively resistant’’ (Heylighen 1992; see also von
Neumann 1966). Evidence for this principle comes from
experimental work. The functioning of evolutionary systems critically depends on a certain amount of diversity.
For example, Isbell et al. (2011) studied plant ecosystems.
Another interesting study reports on agents in driving
divergence (Godsoe et al. 2009).
Many mathematical models use absence/presence data
for modelling biological systems and infer dynamic behaviour from estimating fluxes. Although precise hypotheses
can be tested, there is a comparably large amount of information required in advance to set up a model. In contrast to
these traditional models, other approaches are aimed directly
at interactions. Thus, the focus of the model shifts from the
agents towards their interactions. In a mostly qualitative
way, Kauffmann (1969) used Boolean networks to study the
properties of self-organisation. Their studies led Kauffman
and his co-authors to formulate five minimal conditions for
biological agency (Kauffman and Clayton 2006). Such
conditions, e.g. self-propagating work and constraint construction, could lead to precise hypotheses that can be
addressed through experimental studies. We can hypothesise
how a certain function—which needs to be present to guarantee viability—might be realised in a concrete system.
Large-scale ‘omics’ data provide a valuable basis to deduce
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information about the functional relations which might be
relevant in interaction modelling. Clearly, data integration is
a crucial issue. For a recent example in A. thaliana, see Pop
et al. (2010). Large-scale ‘omics’ initiatives have been
undertaken in trees. For example, a microarray analysis
identified candidate regulators in the drought-stressed roots
of loblolly pine (Lorenz et al. 2011), and a proteome analysis
showed changes in carbon metabolism in ozone-treated
poplar leaves (Bohler et al. 2007). Comparative transcriptomics and proteomics in poplar discovered drought-stressresponsive transcripts and proteins that can be grouped into
regulatory networks (Plomion et al. 2006; Cohen et al. 2010),
and a systems biology model of the regulatory network of
poplar leaves has recently been outlined (Street et al. 2011).
In European beech, birch and Populus transcriptomics,
proteomics and metabolomics have been linked to climate
change in free-air ozone and CO2 fumigation sites (Gupta
et al. 2005; Taylor et al. 2005; Kontunen-Soppela et al. 2007,
2010; Ossipov et al. 2008; Olbrich et al. 2009; Calfapietra
et al. 2010; Kerner et al. 2010; Ernst et al. 2012b).
Gershenson provided a modelling methodology to
directly address questions of interaction principles across
multiple scales (Gershenson 2011a). In particular, such
tools are suitable to shed light on the emergence of properties on higher scales. For example, Gershenson discusses
the conflict between ‘selfishness’ on the lower scale and the
need for mutualistic behaviour on a higher level. Experimentally, such a methodology can be applied based on
information flow. Gershenson’s approach uses a ‘satisfaction’ function which quantifies the extent to which an agent
can maintain its own stability. Within cellular networks, it
can be hard to directly define satisfaction. Communication
might then be considered as a surrogate. In many cases, we
can measure metabolites or peptides that can be associated
with certain agents, e.g. through pathway information.
Thus, we consider information flow, a claim that has also
been made by Noble laureate Paul Nurse (2008).
The key shift in paradigm of experimental setup means
to consider directly measuring interaction rather than
deducing interaction indirectly from state type observables
of the agents.
Once the interesting interactions have been identified,
we have to infer patterns of interaction which might be
relevant within a certain situation. A prominent approach
to analysing interaction networks is based on the observation that patterns of dynamic structures on networks,
such as, e.g. forward or backward feedback, can be aligned
using small topological structures, called motifs (Milo et al.
2002; Doyle and Csete 2005). On the larger scale of the
network as a whole, there are several characteristics that
can be measured and related to network models. Among
others, scale-free networks have received much attention.
Barabási and co-workers have analysed many real-world
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networks and found stunning similarities. The most
important observation showed that many of the networks in
biology, social sciences, informatics, etc., show a so-called
power law degree distribution (Barabási and Albert 1999;
Jeong et al. 2000). With such a distribution, there is a
positive probability for few nodes to have extremely high
connectivity within the network. Such a type of node is
relatively unlikely in Erdös–Rényi networks, a model type
which has been widely used before in network analysis (see
Newman 2003 for a review). Notably, apart from the hype
created by Barabási’s work, we should not over-interpret
the importance of degree distribution (see e.g. Fox Keller
2005b). Several authors have stressed the importance of
network analysis in understanding functioning of complex
organisation and ecology. Barabási and Oltavi (2004) have
written a review on the cellular level (see also Luscombe
et al. 2004; Sweetlove and Fernie 2005 for other examples). There is a wide range of applications of network
analysis on the ecological level (see Proulx et al. 2005;
Bascompte 2007 for reviews).
Some authors argued that modern biological research
should be closer to engineering than to physics or chemistry
(see e.g. Csete and Doyle 2002; Fox Keller 2005a). The idea
is appealing because ultimately, we want to control complex biological systems. Due to the much larger variety of
the system to be controlled, the controller needs to use
variety amplifiers and variety attenuators (Ashby 1957).
This so-called variety engineering is a natural concept in the
construction of multi-functional technical systems.
Robustness and modularity are two principles being crucial
for the successful design. While the first guarantees the
long-term functionality of the system within a dynamically
changing environment, the latter is a design principle that
breaks down complexity, allowing the encapsulation of
vital functions. In particular, modular design leads to a
decoupling of low-level variation and functionality on the
higher level. Ideas of this type are close to the concept of
niching in ecology (Maynard Smith and Szathmáry 1995).
Robustness and modularity are fundamental prerequisites for the evolution of a system in a dynamic environment (cf. Kitano 2004). Uncovering such vital functions
through experimentation and observation is a problem of
reverse engineering. Csete and Doyle (2002) report on
several parallel concepts between technical and living
systems, demonstrating that an engineering perspective
might be very useful in trying to understand the functioning
of complex biological systems (see also Fox Keller 2005a).
Shifting the focus from copying to controlling also leads
to new insights in modelling. In doing so, control theory
provides a rich toolbox of methods (Liu et al. 2011b).
However, this route is not just one-way. In addition, systems biology poses new theoretical challenges in control
theory (Sontag 2004).

The lessons learned from cybernetics also need to be
respected when dealing with modelling.
Considering contingency of the system of scope, we
should carefully consider what to model. Accepting models
as epistemological, we might model our expectation of
what should be observed. Alternatively, we could model a
framework of rules within which self-organisation takes
place. The latter is the approach followed in most work
dealing with cellular automata (cf. Kauffman 1996).
Learning algorithms and other data-driven methods in
statistics also fall into this category (zu Castell 2012). As a
disadvantage, one might object that these approaches do
not provide much explanatory insight.
Following the direct approach, i.e. modelling of the
actual interactions, there are also limitations that have to be
considered. A principle, which is commonly referred to as
Occam’s razor (see e.g. Sober 1981 including a critical
discussion), postulates that the simplest explanation for a
phenomenon will also be the most likely to be confirmed.
This principle has important implications for model
selection. Following Occam’s razor, models should be as
simple as possible. There are further practical arguments
supporting such a principle. Indeed, the complexity of a
model is typically associated with a large number of
parameters that have to be estimated from the data. Given a
model of large enough complexity, in the sense of the
number of equations or parameters, almost any data can be
fitted (see e.g. Smale 1976; Hornik et al. 1989). Thus, the
predictive capacity of the model decreases with increasing
numbers of parameters, both in statistical and deterministic
modelling.
This well-known trade-off in theoretical modelling
might reflect the consequences of a similar question of
complexity in general. The founder of cybernetics John von
Neumann postulated that there is a certain minimal amount
of variety required in order to allow for complexity at the
scale of a living system (von Neumann 1966). May (2001)
later has proven that for random systems, there is also an
upper bound, above of which stability will not be possible.
Interestingly, this upper bound does not seem to hold if
preferential attachment is present, i.e. mechanisms like
mutualism or competition (Allesina and Tang 2012). Thus,
it remains a challenging problem to explore the chances
and limits of interaction networks and their capabilities to
generate stable patterns through self-organisation.

Large-scale ‘omics’: recent progress in tree research
Over the last 10–20 years, little research has focused on
tree genomics being far away from model and crop plants.
This situation changed with the genome sequencing of
Populus, revealing more protein-coding sequences than
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A. thaliana. The whole sequence genome of Populus
trichocarpa was published in 2006 (Tuskan et al. 2006).
Using next-generation platforms, other additional Populus
species were sequenced, and Populus is currently the
model system for trees (Jansson and Douglas 2009; Yang
et al. 2009). In addition, several other tree species have
been sequenced, including conifers (Eckert et al. 2009; Liu
et al. 2011a; Rigault et al. 2011), Eucalyptus (Grattapaglia
et al. 2012) and Fagaceae (Kremer et al. 2012). Moreover,
the genomic data for fruit trees such as citrus or apple are
available (Gmitter et al. 2012; Troggio et al. 2012). A
‘‘walk through the forest of tree genomes’’ has recently
become a focus in a special issue in Tree Genetics &
Genomes (Abbott 2012).
Regarding transcriptomics, microarray analyses and
next-generation sequencing led to a breakthrough in the
identification of thousands of abiotic/biotic-, developmental- or tissue-specific transcripts. Forest FACE experiments
contributed to a more molecular ecophysiological understanding of trees upon environmental impact. Transcriptome analyses of Populus and birch in these studies
indicated long-term genetic expression changes upon elevated ozone and/or CO2 (Gupta et al. 2005; Taylor et al.
2005; Kontunen-Soppela et al. 2010). Similarly, transcriptional changes could be demonstrated in European
beech (Olbrich et al. 2009, 2010). Comparative transcriptomics of drought responses in Populus or loblolly pine
resulted in the identification of central nodes and regulators
that are important for trees in regulating this environmental
stress (Cohen et al. 2010; Lorenz et al. 2011). Similarly,
salt stress has been analysed in desert poplar, being
important for the molecular adaptation of this tree to stress
(Qiu et al. 2011). Bioinformatic analysis of 454-sequenced
oak and pine ESTs will help to study the functional
diversity in the natural population of these important forest
trees (Parchman et al. 2010; Ueno et al. 2010). Regarding
tree regeneration and transformation, the large-scale
transcriptomics of Populus identified important events
during the early stages of dedifferentiation, and only 25 %
of these events were shared with A. thaliana (Bao et al.
2009). Global transcript profiling of poplar and rice identified identical promoter motifs conserved in circadiancontrolled networks that will be important in understanding
similarities and differences between dicot and monocot
plants (Filichkin et al. 2011). Interestingly, the sequencing
of high-quality Picea ESTs demonstrated a substantial
number of transcripts with no sequence similarity to
angiosperm sequences (Ralph et al. 2008). Thus, the
analyses of transcriptome data will contribute not only to
an enhanced understanding of the response of trees to the
environment and to a comparison of different plant species,
but also to a systems biology model of trees for predicting
expression levels in new data (Street et al. 2011).
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Within the ‘omics’ technologies, proteomics becomes
increasingly fundamental in the post-genomic area. Until
recently, only a few plant species have been analysed.
However, the variety of plant species, including trees, used
for proteomics is increasing (Kosová et al. 2011). Proteomic approaches have been conducted to understand the
break of dormancy in tree seeds (Pawlowski 2010).
Drought-responsive proteins were discovered in poplar and
oak (Plomion et al. 2006; Durand et al. 2011; Sergeant et al.
2011). Regarding air pollution, a different proteomic profile
has been shown in the leaves of poplar and European beech
upon ozone fumigation (Bohler et al. 2007; Kerner et al.
2010). Oak cork formation and population variabilities were
studied using proteomic analyses (Ricardo et al. 2011;
Valero Galván et al. 2011). Targeted proteomics were used
to understand insect attack in Norway spruce (Zulak et al.
2009). A recent review on proteomic research on forest
trees summarises the state of the art for the most important
species (Abril et al. 2011).
Sophisticated tools are necessary to measure metabolites
and the end products of gene and protein expression. The
application of metabolomics in forest tree research contributes to an understanding of their interactions with abiotic and
biotic challenges. In addition wood properties and thus the
chemical composition of wood are of great commercial
importance. Changes in the birch leaf metabolome were
observed in long-term open-field ozone fumigation experiments (Kontunen-Soppela et al. 2007; Ossipov et al. 2008).
Metabolomic studies demonstrated different responses of
Populus grown on different salt-containing soils (Brosché
et al. 2005). The simulation of insect attack on Norway
spruce through the application of methyl jasmonate showed
that the trees had an altered terpenoid response (Zulak et al.
2009). Metabolite profiles revealed changes during embryo
development in spruce (Businge et al. 2012), and the circadian clock influenced the carbon metabolism in Populus
(Hoffman et al. 2010). Metabolite phenotyping was used for
an association genetic study in loblolly pine (Eckert et al.
2012). In Populus, metabolite profiling in combination with
a quantitative trait loci analysis was used to identify loci
that control metabolite abundance (Morreel et al. 2006).
Metabolome analyses clearly distinguished between saltsensitive and -tolerant responses to water stress of poplar and
Eucalyptus species (Janz et al. 2010; Warren et al. 2012).
Regarding secondary metabolism, a recent review focuses
on all aspect of genomics-based investigation, including also
data mining (Chen et al. 2012).
The belowground part of trees, the rhizosphere, includes
the associated microorganisms forming the mycorrhiza and
also endophytic bacteria. This symbiotic relationship can
be considered as a holobiontic system (Zilber-Rosenberg
and Rosenberg 2008). To assess this diversity, ‘omics’
technologies are a valuable tool. A breakthrough in
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unravelling this complexity was the genome sequencing of
Laccaria bicolor (Martin et al. 2008). Next-generation
sequencing will contribute to the identification of genomes
of microbial eucaryotic symbionts and hosts (Medina and
Sachs 2010). Courty et al. (2008) described gene expression studies in ectomycorrhizas Lactarius quietus–Quercus
petraea under field conditions, and insights into the genomic level of Populus and the associated microbiome were
recently reviewed (Podila et al. 2009). Positive interactions
of root endophytes and plants were analysed by metabolic
profiling in poplar (Scherling et al. 2009). Pyrosequencing
of forest soils showed a high fungal diversity that was not
expected (Buée et al. 2009). Furthermore, transcriptome
and metabolome analyses of the holobiontic mycorrhizal
system contributed to a better understanding of the forest
ecosystem and its sustainability (Larsen et al. 2011).
Regarding systems biology, it is important to integrate
all of the ‘omics’ data up to the physiological level,
which is a great challenge, especially in tree research
(Wullschleger et al. 2009). There are few examples linking
transcriptome and metabolome data (Brosché et al. 2005;
Druart et al. 2007; Hoffman et al. 2010; Janz et al. 2010),
transcriptomic and proteomic data (Galindo González et al.
2012), and proteomics with metabolites (Kieffer et al.
2009). An integration of all ‘omics’ techniques has been
reported for analysing lignin biosynthesis in aspen (Bylesjö
et al. 2009), for Sitka spruce upon white pine weevil attack
(Hall et al. 2011) and partially for European beech
upon ozone fumigation (Matyssek et al. 2007; Ernst et al.
2012a, b).

Conclusion: where are we going?
Overwhelmed by the pure amount of information hidden in
high-throughput ‘omics’ data of modern molecular biology, there is a mood for change pervading all fields of
biology. The call for holistic approaches and system perspectives permeates the field. We argued that besides the
methodological needs for a system-wide experimental
setup, data integration and new methods of data synthesis
and analysis, there is a deeper demand to rethink our scientific approach and notion of scientific progress. Changing
our tools will not suffice to cope with the challenges of the
biological questions posed. We will further need to rethink
our methods to approach complexity. Cybernetics and
systems theory provide insights which might help to guide
our way.
Many aspects, some yet unfamiliar to classical experimental scientists, will lead our way to proceed in the future.
Emergence, hierarchy, robustness, modularity and openness
are just candidates (van Regenmortel 2004; Mazzochi 2008).
Theoretical modelling will provide a better understanding

of complexity. However, this will probably not be achieved
in a direct, immediate way. In silico modelling faces theoretical limits of undecidability and intractability. The most
efficient way to learn about future states of the system might
indeed be to let natural evolution proceed (Fernández and
Solé 2006; Beckage et al. 2011). Thus, we have to change the
questions we are asking. If unpredictability is an immanent
feature of complex evolutionary systems, controllability
might be a better goal. Concerning modelling, we have to
recall what models can indeed do for us: ‘‘No substantial part
of the universe is so simple that it can be grasped and controlled without abstraction. Abstraction consists in replacing
the part of the universe under consideration by a model of
similar but simpler structure. Models, formal or intellectual
on the one hand, or material on the other, are thus a central
necessity of scientific procedure’’ (Rosenblueth and Wiener
1945).
In the future, we might have to enlarge our theory,
widening it for a holistic explanation (see e.g. Corning
1997). We might also need to rethink our language or even
develop a new, more adequate form (Fox Keller 2005a).
Whatever the precise path might be, it will be one of
interaction among various disciplines, proceeding in cycles
of experimentation, theory and simulation.
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