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Abstract: Despite major achievements in the understanding of human disease, there is a general perception that
the drug development industry has failed to meet the expectations that recent advances in biotechnology should
drive. One of the potential sources of failure of many next generation drugs is that their targets are embedded
in highly nonlinear signaling pathways and gene networks with multiple negative and positive feedback loops of
regulation. There is increasing evidence that this complex network shapes the response to external perturbations
in the form of drug treatment, originating bistability, hypersensitivity, robustness, complex dose-response curves
or schedule dependent activity. This review focuses on the effect of nonlinearities on signaling and gene networks
involved in human disease, using tools from Nonlinear Dynamics to discuss the implications and to overcome the
effects of the nonlinearities on regulatory networks.
Key words: bistability, mathematical modeling, systems pharmacology.

1 Introduction

The efforts in the development of efficient drugs
against human disease have intensified in the last years,
driven by major advances in biotechnology techniques
and increasing budgets in R&D. Ideally, the remark-
able progress in the understanding of complex molec-
ular and cellular processes involved in human disease
should result in better treatments with fewer side ef-
fects, which reach patients faster. By contrast, drug
development has experienced a strong decline in pro-
ductivity, due mainly to increasing timelines and rising
costs in drug discovery and research (Booth and Zem-
mel, 2004). On top of that, the raising rate of failure of
compounds that enters the drug development pipeline
also impacts the final cost of drug development. This is
especially relevant when drugs drop in the late stages
of the pipeline, during the most expensive phase II and
III, where the dosage and efficacy of the drug is assessed
in large groups of volunteers and patients.

One of the current interests of the biotechnology and
pharmaceutical industries is to develop efficient early
discrimination methods of unsuccessful drugs to reduce
costs, for instance, in-vitro, in-vivo and in-silico pre-
clinical studies. More efficient alternative redesigns of
the drug development pipeline should allow scientists to
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focus efforts and resources only on the most promising
agents, resulting in a more cost efficient drug devel-
opment, and in affordable therapies for patients. To
overcome such fundamental challenge in clinical drug
development, pharma and biotech companies begin to
apply tools from basic research, for instance, theoreti-
cal approaches, variable discrimination, and predictive
computational models of genetic, biochemical and phys-
iological networks and pathways.

These types of quantitative studies borrow many con-
cepts and tools from the field of Nonlinear Dynamics,
and nowadays, any system-biologist is familiar with
concepts like feedback loops, cooperativity and bifur-
cations (Strogatz, 1994). One of the main lessons from
classical nonlinear systems is that the effect of a per-
turbation in a target will not necessarily correlate with
its effect when the target is embedded in a network of
interacting species, especially if this network is nonlin-
ear. This is more relevant in the context of networks
involved in human disease, where targets are dysregu-
lated proteins or genes and external perturbations of
the system are identified as a drug treatment. Since
nonlinearities strongly dictate the way a system re-
sponds to perturbations, a complex network could in-
duce, for instance, insensitivity or hypersensitivity to
a drug, desensitization after periodic treatment, com-
plex dose response curves or even schedule- dependent
effects during treatment.

This review focuses in several of the main nonlin-
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ear autoregulatory loops observed in gene regulatory
networks, metabolic pathways and signaling cascades
involved in human disease, and how the network de-
termines their response to drug treatment. We review
these nonlinear interaction schemes from the perspec-
tive of Nonlinear Dynamics, to understand the implica-
tions of nonlinearities in the context of biological net-
works. A quantitative understanding of the effect of
auto-regulatory loops in a biological context can po-
tentially allow us to overcome the undesired effects in-
duced by the nonlinear network. This review is aimed
to introduce the concept of network nonlinearities and
their effects in biological systems to scientists with no
expertise in nonlinear networks, and it is also aimed at
nonlinear scientist with interests in learning how famil-
iar concepts apply to a molecular biology context.

2 Negative feedback loop

Maybe the simplest nonlinear autoregulatory unit is
the one composed of a protein directly or indirectly re-
pressing its own activity or expression via a negative
feedback interaction (Fig. 1(a)). This motif is ubiq-
uitous in gene regulatory networks in bacteria and in
higher organisms, with around 40% of known transcrip-
tion factors in E. Coli negatively autoregulating them-
selves (Thieffry et al., 1998), suggesting a strong role
in the regulation of cellular responses. A key example
of a negatively self-regulated pathway involved in hu-
man disease is the JNK-MAPK signaling cascade, via
JUN and PUCKERED interaction (Mart́ın-Blanco et

al., 1998). This pathway regulates stress response and
apoptosis, and it is involved in neurological disorders,
such as Parkinson and Alzheimer’s disease, as well as
in type II diabetes (Cui et al., 2007). Therefore, it con-
stitutes a potential target for many drug therapies.

The implications of negative feedback loops have
been extensively characterized in the context of Engi-
neering and Nonlinear Physics. Early theoretical and
experimental studies have shown that self-inhibitory
loops can stabilize unstable states and even induce
novel behavior in a dynamical system (Sakurai et al.,
2002; Vanag et al., 2000; Horváth et al., 2009). Im-
portantly, when compared to linear networks, systems
under negative feedback regulation exhibit enhanced ro-
bustness against external perturbations and noise. This
has strong implications in the context of biological net-
works, which are subjected to strong stochastic signals
from two distinct sources: intrinsic, or coming from
the transcription/translation machinery; and extrinsic,
due to environmental fluctuations (Little et al., 1999;
Swain et al., 2002; Paulsson, 2004). This variability
in protein levels induced by stochastic events induces
strong variability in the response to treatment, even in
clonal populations (Spencer et al., 2009). Since neg-
ative feedback loops buffer fluctuations, they reduce

cell-to-cell variability in protein levels and, in conse-
quence, they can increase reliability in the response to
drug treatment (Alon, 2007; Savageau, 1974; Becskei
and Serrano, 2000).

In addition to their role as a band pass for small per-
turbations, negative feedback loops increase the overall
robustness of a network against external perturbations
(Hornung and Barkai, 2008). In consequence, drug
treatments against proteins in a negative feedback loop
exhibit loss of sensitivity, when compared to a linear
network structure. This way, inhibitors of proteins em-
bedded in a negative feedback loop will require increas-
ing doses to affect the steady state of protein activation
or concentration, increasing the risk of unspecific inter-
actions and side effects.

We have recently studied the implications of nega-
tive self-regulation in ligand-receptor systems, such as
the Epidermal Growth Factor (EGF), Growth Hormone
(GH) and Erythropoietin (EPO) systems, involved in
many diseases, such as cancer and diabetes (Mı́guez,
2010b). Fig. 1(b) shows a simplified scheme of the
downstream cascade of events in EPO and GH ligand-
receptor systems after stimulation, where the nega-
tive regulation occurs after internalization of the active
complex, in response to ligand stimulation. Fig. 1(c)
corresponds to several numerical computations of the
stochastic model presented in (Mı́guez, 2010b). The
negative feedback loop in the regulation of free recep-
tors induces a reduction in transcription of free recep-
tors after an initial ligand stimulation. A potential sec-
ond stimulation will encounter few receptors to bind,
exhibiting reduced activity. In addition, the loop can
also impact the effect of dominant negative EPO and
GH ligands or inhibitors against the pathway by in-
creasing in the receptor concentration and potentially
increasing the basal activity of the pathway after inhi-
bition.

In addition, negative feedback loops also influence
the dynamics of a network, increasing the response time
and accelerating (up to 5 times faster) the transient to-
wards a steady state after a perturbation, if compared
to a linear network (Rosenfeld et al., 2002). A linear
network with such faster dynamics will reach a steady
state at very high protein levels, so the nonlinear in-
hibitory loop maintains a low final steady state while
allowing a fast response to changes in the system. An
interesting question is how these dynamical character-
istics of self-inhibited networks can impact the optimal
schedule for treatment, and the time a drug effect lasts,
comparing linear and nonlinear networks.

3 Oscillatory loop

Oscillatory dynamics is also ubiquitous in nature,
from circadian rhythms (Edery, 2000) to somitogene-
sis (Kaern et al., 2004) and calcium waves (Weissman
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Fig. 1 Effect of negative feedback regulation in biological networks. (a) Scheme of a simplified negative feedback loop of
a gene repressing its own transcription. (b) Example of negative feedback regulation in the EPO ligand receptor
system. Formation of the active complex drives internalization and repression of the expression of new receptor
proteins. (c) Numerical simulations of the EPO system using a stochastic integration scheme of the model presented
in (Mı́guez, 2010b). The model shows the reduction in the total amount of receptor in the membrane after ligand
stimulation at time t = 0, and complex formation due to active complex internalization and to the negative feedback
loop. This reduction will strongly diminish the effect of a potential second ligand stimulation.

et al., 2004). Periodic bursts in protein concentration
or localization at the single cell level have been exten-
sively characterized in a number of cellular networks
(Ankers et al., 2008). Several of these oscillatory signal-
ing pathways and gene regulatory networks are highly
involved in human disease and therefore, they are sub-
jected to drug therapy. One of the main examples is the
periodic nucleo-cytoplasmic translocation of the tran-
scription factor NF-kB (Hoffmann et al., 2002; Nelson
et al., 2004; Guttridge et al., 1999). The NF-kB sig-
naling network is one of the most important regulators
of stress response in mammalian cells (Shakhov et al.,
1990), and a key regulator in cell growth (Schauvliege
et al., 2002), inflammation and apoptosis (Cheong et

al., 2008). It is also involved in many diseases, such as
arthritis, autoimmune and inflammatory disorders and
cancer (Batchelor et al., 2009). Another important ex-
ample also implicated in cancer is the p53 tumor sup-
pressor oscillatory dynamics in vitro (Hamstra et al.,
2006) and in vivo (Batchelor et al., 2008). This sig-
naling network controls the maintenance of genome in-
tegrity and cell cycle progression, apoptosis and DNA
damage. The p53 pathway is dysregulated in around
half of all cancers, so it constitutes the focus of many
therapeutic treatments.

Systems that show autonomous oscillations have
been one of the primary focus in Nonlinear Dynam-
ics since the first report of chemical oscillations in the

Belousov–Zhabotinsky (BZ) reaction (Belousov, 1959;
Zhabotinsky, 1964). The BZ reaction and derivatives
rapidly established as models for nonequilibrium bio-
logical phenomena, and the exhaustive analysis of the
mechanism of these chemical self-sustained oscillations
has been key to understand the more complex oscil-
lations observed in many biological systems, such as
oscillations in gene regulatory networks and signaling
cascades.

Although biological networks that exhibit oscillatory
dynamics can be quite complex, the minimal require-
ments for periodic behavior in a network is a delayed
negative feedback loop, as we recently showed in (Swin-
burne et al., 2008). We engineered mammalian tissue
culture cells with a genetic circuit involving a fluores-
cently tagged protein that represses its own produc-
tion, introducing a delay using intronic DNA of dif-
ferent lengths. Fig. 2(a) illustrates the scheme of the
system implemented to induce the oscillations. The
engineered cells showed periodic bursts in fluorescence
levels with a period dependent on the intron length, as
predicted by a numerical model. Interestingly, the oscil-
lations measured at the single cell level showed a strong
stochastic component dependent on the period of burst-
ing. According to predictions of the numerical model
where we assume a Gaussian distribution in velocity of
polymerases transcribing the gene, the stochasticity in
the oscillations is due to “traffic jams” in polymerase
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Fig. 2 Oscillations produced by a negative feedback loop with delay. (a) Scheme of synthetic autoregulatory inhibition
with a delay due to transcription + translation implemented in the report of Swinburne et al. (2008). The intron
length controls the delay and the period of the oscillations. (b) Numerical computations of the stochastic model
presented in the report of Swinburne et al. (2008) of the oscillatory system implemented in mammalian cells. The
dependence of the period with the delay fitted the experimental data. The model also predicts that the main
stochastic component of the experimental oscillations comes from the bursting in protein transcription produced by
“traffic jams” of polymerase along the DNA.

trafficking, as they travel through the template DNA
with different velocities, generating the reported bursts
in protein expression (Fig. 2(b)).

Again, from the point of view of drug treatment, it
is still unclear which are the consequences of targeting
protein embedded in oscillatory networks. Sustained or
even damped oscillations in mammalian gene regula-
tory networks typically occur in the time scale of several
hours (Epshtein et al., 2003), introducing a temporal
constrain in the system that can potentially interfere
with the schedule of dosage. To our knowledge, there
is still no experimental evidence on how an oscillatory
network shapes the dose response curve depending on
the rate between drug schedule and period of the os-
cillation. Although many classical studies performed
in nonlinear oscillatory systems subjected to periodic
forcing suggest that a very rich variety of behaviors
could arise, depending on the balance between the in-
ternal (period of oscillation) and the external (period of
treatment) times scales. One could expect, for instance,
strong coupling between the phase of the external and
internal oscillations, and even synchronization of the
protein oscillations with the dosage periodicity, and ap-
pearance of regions in the phase plane known as Arnold
Tongues, characterized by phase locking between the
two oscillatory dynamics (Pikovsky and Kurths, 2001).

4 Positive feedback loop

When a protein directly of indirectly promotes its
own production or activity, it constitutes a loop of
positive regulation. This simple structure has very
strong implications in the dynamics and steady state

of networks of interactions, influencing their robustness
against noise and external perturbations. Positive regu-
lation of transcription can be achieved directly by tran-
scription activators, or indirectly via serial combination
of an even number of negative interactions, using a com-
bination of repressor systems (Fig. 3(a)).

Classical nonlinear dynamics has extensively covered
the implications of positive feedback regulation in a sys-
tem, also called autocatalytic systems. For instance,
positive feedback loops have been shown to slow down
the response to external changes and perturbations,
when compared to linear systems. In addition, un-
der the same parameter values, autocatalytic systems
exhibit three fixed points (i.e. solutions) in the phase
plane: two stable states and one unstable steady state.
Selection between these stable solutions depends on the
initial condition, and the switching between the states
is hysteretic, meaning that the response to an external
perturbation will depend on the history of the system.

In the context of gene regulatory networks, a bistable
system is often identified as a genetic switch between
two distinct states: an “on” state where the gene is
transcribed at a high rate, and an “off” state, where
transcription occurs at a low rate. One of the most rel-
evant examples of naturally occurring bistability is the
genetic regulatory network of the bacteriophage lambda
(Ptashne et al., 1980). Although the mechanism in-
volves a negative and a positive loop interaction, the
outcome is a bistable switch between high and low tran-
scription rates of the lambda repressor.

Synthetic auto regulatory circuits, such as toggle
switch, have shown that simple regulatory networks
can be engineered to function as robust bistable sys-
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Fig. 3 Effect of a positive feedback loop on a biological network. (a) Scheme of the simplest common gene networks
that produce an equivalent positive feedback regulation: a gene promotion its own expression, and a pair of genes
repressing each other. (b) Illustration of the null-clines of a two-variable bistable system to show the change of
steady state after inhibitory treatment. The two stable solutions correspond to the points where the null-clines cross
(producing two stable and one unstable steady state). When the system is initially in the steady state with high
concentration, a strong enough perturbation in the form of inhibition shifts the steady state to the one with lower
protein concentration. (c) Dose-response curve for a bistable system showing hysteresis. Each curve corresponds
to the response to treatment for each of the two stable solutions of the system. Before the perturbation, a drug
concentration produces a certain response. If a strong enough treatment switches the state of the system, the same
amount of drug will have a stronger response.

tems, both in prokaryotes (Gardner et al., 2000; Isaacs
et al., 2003) and eukaryotes (Kramer et al., 2005; Ajo-
Franklin et al., 2007). Bistable systems can be ubiqui-
tous not only in transcriptional networks, but also in
signaling cascades. We have recently shown that even
a simple system composed of just one single enzymatic
interaction with an autocatalytic regime induces a very
strong bistable behavior (Vanag et al., 2006; Mı́guez et

al., 2007).

Little is known regarding the impact of positive au-
tocatalysis in disease and its effect on treatment, but
studies from classical nonlinear dynamics suggest the
arising of complex behavior when targeting proteins
embedded in autocatalytic loops. Under conditions of
bistability, the concentration to efficiently inhibit a tar-
get will strongly depend on the history of the previous
inhibition. For instance, under certain conditions, a
strong inhibition of the system could induce switching
from the high to the low steady state (Fig. 3(b)). After
this first inhibition, a potential second treatment will
require a lower concentration to inhibit the systems, re-
sulting in a sensitization of the system against the drug
(Fig. 3(c)). This is important since lower concentration
of inhibitors reduce toxicity and side effects, becoming
effectively more specific towards its target.

Finally, autocatalytic systems can increase the sen-

sitivity to external perturbations and noise, resulting
in stronger cell-to-cell variability, when compared to
linear circuits. This way, external or internal noise,
and also perturbations in the form of drug treatment
can induce a bimodal distribution, creating two popula-
tions of cells, depending on their response to treatment
(Becskei et al., 2001; Hasty et al., 2000). This is espe-
cially relevant in the context of cancer, since treatment
can potentially act as a selective pressure killing cells in
one of the steady states, while the other cell population
can escape treatment and continue to proliferate.

5 The AKT pathway

When combined in larger networks of interaction, the
mentioned loops of regulation can induce increasingly
complex nonlinear responses, difficult to interpret with-
out the help of mathematical and computational tools.
Again, Nonlinear Dynamics has explored many of the
combinations between negative and positive regulatory
loops from a theoretical and experimental point of view,
and this knowledge can be the key to understand the
same scenario in the context of living systems. For
instance, the combination of autocatalysis and nega-
tive regulation can induce complex spatial and tempo-
ral instabilities, as excitable behavior (Alonso et al.,
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2003), or even Hopf (Strogatz, 1994) and Turing insta-
bilities (Lengyel and Epstein, 1992). These nonlinear
systems have been shown to respond to external per-
turbations exhibiting a rich variety of nontrivial behav-
iors (Mı́guez, 2010a; Mı́guez et al., 2006; Mı́guez et al.,
2009; Mı́guez et al., 2005).

An important example of these highly nonlinear
pathways is the AKT signaling cascade, one of net-
works most targeted by mutations in early and ad-
vanced cancers. Hyperactivation of the pathway leads,
among other phenotypes, to insulin resistance, uncon-
trolled cell proliferation and metastasis, as well as en-
hanced resistance to drug treatment (Hennessy et al.,

2005). Fig. 4(a) represents a simplified version of this
signaling cascade (for a more detailed description of the
pathway (Manning and Cantley, 2007; Bellacosa et al.,
2005; Engelman et al., 2006)). One of the key com-
ponents of the pathway is the kinase AKT, a signaling
hub for multiple cell decisions, which is indirectly regu-
lated by the balance between the kinase PI3K and the
phosphatase PTEN. The amplification of the genes cod-
ing for subunits of PI3K has been identified in around
40% of ovarian cancers (Shayesteh et al., 1999), 35%
of breast cancers (Li et al., 2006), and in a high per-
centage of other cancers (Samuels et al., 2004). On the
other hand, PTEN is one of the most commonly lost
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tumor suppressors in human cancer and Cowden syn-
drome (Vazquez and Sellers, 2000).

A number of self-regulatory units interact in the AKT
pathway that can potentially affect the way drugs tar-
get the pathway components. The network is highly
influenced by a well- characterized negative regulatory
loop involving PI3K through complex of the kinase
mTOR with the regulatory associated protein Raptor
(labeled as loop ‘1’ in Fig. 4(a)). This regulation oc-
curs via phosphorylation and degradation of the adap-
tor protein IRS1, a protein directly involved in many
human metabolic syndromes (Sesti et al., 2001; Har-
rington et al., 2005). The effect of this feedback loop
has been directly implicated in the development of ma-
lignancies and insulin resistance in mice (Manning et

al., 2005), and in resistance to mTOR inhibition in
cancer and cardiovascular treatment and in immuno-
suppressant applications (O’Reilly et al., 2006; Baselga
et al., 2008; Tamburini et al., 2008). In addition, Car-
racedo et al. reported a strong negative feedback (loop
‘2’ in the scheme of Fig. 4(a)) loop between the same
complex mTOR-raptor complex and the MAPK path-
way activation in a PI3K-dependent manner in human
cancer (Carracedo et al., 2008; Carracedo and Pandolfi,
2008).

The AKT pathway has also several positive regu-
latory loops involving AKT and other key molecules.
Experiments have shown that activation of AKT in re-
sponse to insulin promotes the phosphorylation of IRS1
on serine residue, generating an autocatalytic loop that
regulates insulin response (labeled as loop ‘3’) (Gual
et al., 2005). In addition, another positive feedback
loop (loop ‘4’) in PtdInsP3 (PIP3) upstream of AKT
involving the RHO GTPases has been shown to be
the key during cell migration (Weiner et al., 2002).
Another positive feedback loop involving hyaluronan-
PI3K-ErbB2 (‘5’ in Fig. 4(a)) has been shown to in-
crease multi-drug resistance via expression of multi-
drug transporters as MRP1 and MDR1 (Misra et al.,
2005). AKT activation also regulates FAS expression,
which in turn modulates AKT activation, generating
an additional positive feedback loop (labeled as loop ‘6’
in Fig. 4(a)) (Wang et al., 2005). Finally, the equilib-
rium between the two mTOR complexes (labeled as ‘7’),
one positively regulating AKT (mTOR-rictor) and the
other negatively regulation AKT (mTOR-raptor) will
presumably account for nontrivial responses to treat-
ments against either one of the mTOR complexes.

Our studies have shown that the highly nonlinear in-
teractions of the pathway induce a complex dose re-
sponse curve in the form of an inverted bistability
(Figs. 4(b) and 4(c)). This behavior, familiar in the
context of nonlinear optics and control theory of non-
linear systems (Carracedo et al., 2008), strongly affects
the way small molecule inhibitors target proteins in the
pathway, inducing loss of sensitivity to treatment af-

ter inhibition. The characteristics of the dose-response
curves are cell-type dependent, presumably influenced
by the mechanisms and dysregulations that cause Akt
pathway hyperactivation.

A potential mechanism to overcome these and other
nonlinear effects in the pathway is to simultane-
ously target several components of the network, ei-
ther by using drug combination therapies or developing
“dirty drugs” against multiple targets at once (Garcia-
Echeverria and Sellers, 2008). For instance, it has been
shown that combined pharmacological inhibition of the
MAPK pro-survival pathway and mTOR-raptor pos-
sesses enhanced anti-tumor effect compared to mTOR-
raptor inhibitors alone. In addition, combined inhibi-
tion of EGFR and PI3K has shown promising results in
tumors with EGFR amplification and PTEN deletion.
In addition, dual drugs targeting PI3K and mTOR have
shown enhanced response to treatment in certain tu-
mors (Fan et al., 2007; Fan et al., 2003).

In conclusion, effective targeting of nonlinear signal-
ing pathways and gene networks, such as the AKT
pathway, becomes increasingly complex when nonlin-
earities play a key role. An exhaustive knowledge of
the dynamics and interactions between feedback regu-
lations will help to understand the effect of drugs and
the arising complex dose-response curves, allowing us
to design strategies to overcome undesired nonlinear ef-
fects.

6 Discussion

The above reviewed nonlinear regulatory units shape
the dynamics and response to treatment of biologi-
cal systems, evidencing the importance of the network
in the response to perturbations in signaling cascades
and gene regulation. This manuscript reviews exam-
ples where nonlinearities can potentially influence drug
efficiency, reduce target specificity, shape the dose re-
sponse curve or alter the optimal treatment schedule.

Nonlinear systems are well characterized in a physi-
cal, optical, chemical and biochemical context, but how
this knowledge translates into more complex biologi-
cal systems and furthermore, into a network targeted
by treatment, is still unclear. Several of the pathways
commonly involved in human disease are highly nonlin-
ear, and some of them are at the main focus of next-
generation small-molecule inhibitors. This way, pre-
clinical studies could strongly benefit from a detailed
knowledge of the network of interactions and their im-
plications, rather than exhaustive quantification of the
chemical parameters involved.

To fully understand the underlying complexity in the
regulation of cellular processes, we have to take into
account epigenetic changes that modified the biolog-
ical network of interactions. Epigenetic mechanisms
are essential for normal development and maintenance
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of tissue-specific gene expression patterns in mammals.
Since cancer progression involves also epigenetic abnor-
malities and several epigenetic drugs have been FDA
approved, it would be also interesting to understand
how the heritable changes in a network can influence
its behavior from a nonlinear dynamics perspective.

Altogether, this underlying complexity suggests that,
although biological networks normally show regular and
predictable behavior, they can undergo sudden massive
changes in response to minor perturbations. In this con-
text of complexity applied to biological systems, pertur-
bations in a signaling network created by an external
signal (such as a drug treatment) could results in a
“butterfly effect”, triggering unpredictable transitions
to regimes of unpredictable dynamics (Kaneko, 2006;
Mazzochi, 2008).

In the cases here discussed, we do not include the ef-
fect of the spatial regulation and diffusion of molecules
on the dynamics of the system. Although it is well
known that the interplay of nonlinear interactions with
diffusion induces a very rich phenomenology in the form
of symmetry breaking mechanisms, such as Turing pat-
terns, a very recent example of this interplay was re-
ported by Seth et al. (2012), where they show that
Hox genes regulate the number and width of fingers
in mice, forming a Turing-like wavelength during digit
development.

The understanding of the effects of self-regulatory
loops in networks involved in human disease will allow
us to design better treatment strategies to overcome the
effects of the network. Nowadays, one of the major chal-
lenges of pharmaceutical and biotechnology industries
worldwide relies on a more quantitative redesign of the
drug development pipeline, and the increasing evidence
that the network shapes the response to treatment sug-
gests that Small Molecule Therapeutics will strongly
benefit from incorporating techniques from Nonlinear
Dynamics.
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