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Abstract

We present a mathematical model of cell fate decision between survival,
necrosis and apoptosis as a concrete implementation of the Waddington’s
methaphor of epigenetic landscape determining cellular behaviour. We de-
scribe the principles of the model construction and in silico experiments per-
formed on it. The genetic network underlying cell fate decisions is recon-
structed in the form of an influence diagram together with logical rules defining
possible system state changes, while the epigenetic landscape is represented as
a state transition graph generated from the discrete cell fate decision model.
Stochastic cellular decision making is modeled as a random walk on the state
transition graph, assuming equal probabilities of any possible system state
update. The probability to reach a particular attractor (stable state) of the
state transition graph, starting the random walk from a “physiological” cel-
lular state, is interpreted as a probability of having a particular phenotype
(outcome) in a biological experiment. As a result, one can predict the phe-
notypic probabilities and their changes as a result of specific perturbations.
We show that such a “generic” cell model can recapitulate and explain exper-
iments conducted on mice and cell lines and predict the outcome of not yet
done experiments. In the discussion, we compare the design principles of the
cell fate decision model with the principles of designing engineered devices
and underline some important differences.

1 Introduction

In 1957 Conrad Hal Waddington suggested a mathematical methaphor of morpho-
genesis and introduced the notion of epigenetic landscape [1]. Accordingly to this
methaphor, a cell develops through a series of irreversible bifurcations at some cell
states in which crucial decisions on the cell fate are made. Accordingly to the
Waddington’s idea, the landscape of all possible paths leading to all cell fates (see
Fig. 1) is formed by the properties of a complex network of interacting genes.
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Figure 1: The famous methaphor of canalization on the epigenetic landscape by
C.H.Waddington [1]: a) epigenetic landscape is formed and supported by dynamical
properties of a complex system of interacting genes (gene network); b) epigenetic
landscape directs a cell in development through a number of biffurcation points
where irreversible decisions on the cell fate take place.

Recently, systems biology provided a number of concrete implementations of the
Waddington’s cell fate decision paradigm, through mathematical modeling of various
biological systems (for example, [2–4]). A particular interest is to model cell fate
decisions between life and death in mammalian cells. Understanding principles of
this type of cellular decisions is crucial for understanding functioning of some tissues
(such as gut epithelium) and for understanding tumor development, for which the
tightly regulated mechanism of balancing between survival and death is violated
towards survival.

Recent progress in studying the mechanisms of cell life/death decisions revealed
its enormous complexity. Among many, one can mention three difficulties on the
way to characterize, describe and create formal mathematical formulations of this
mechanism.

First, the molecular mechanism allowing a cell to react to an external stress
(such as damage of DNA, nutrient and oxygen deprivation, toxic environment) is
assembled from highly redundant pathways which are able to compensate each other
in one way or another. For example, there exist at least seven distinct and parallel
survival pathways associated with action of AKT protein [5]. Disruption of one of
these pathways in a potential cell death-inducing cancer therapy can be in principle
compensated by the others. Thus, understanding and modeling the survival response
in its full complexity is a daunting task.

Second, cellular death is an extremely complex phenotype as well, which can not
be reduced to a simple disaggregation of cellular components driven by purely ther-
modynamical laws. Several distinct modes of cell death were identified in the last
10 years [6], such as necrosis, apoptosis and autophagy. Importantly, all these cell
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death modalities are controlled by cellular biochemical mechanisms, activated in re-
sponse to diverse types of stress: roughly speaking, a cell is usually pre-programmed
to die in a certain manner, sending appropriate signals to its surrounding and try-
ing to reuse its remaining resources when possible. Necrosis is a type of cell death
associated with a lack of important cellular resource such as ATP, which makes
functioning of many biochemical pathways impossible. This is why it was usually
thought of as an uncontrolled and purely thermodynamics-driven degradation of
cellular structures. However, recent research showed that necrosis is accompanied
by activation of certain pathways and can even be triggered by certain signals [6].
By contrast, apoptosis as a form of cellular suicide was, from the very beginning,
known as a mode of cell death requiring investment of energy for disrupting mito-
chondria membranes and cleavage of intracellular structures. Autophagy remains a
relatively poorly understood cell death mechanism which serves, paradoxically, as a
survival mechanism for cell populations (during autophagy, some cells or cell parts
are sacrificed to obtain deficit resources such as aminoacids).

The third difficulty can be attributed not directly to the complexity of the bio-
chemical mechanisms but rather to our capabilities of apprehending the design prin-
ciples used by biological evolution. Inspired by an engineering approach, we have
a tendency to investigate complex systems by dissecting them into relatively in-
dependent modules and associating well-characterized non-overlapping function to
each molecular detail. In biology this view is not that easy to apply. Some cellular
molecular machineries can not be naturally dissected or associated with a well-
defined function: a set of overlapping functions can be distributed among a group
of molecular players. We will discuss this issue further in more details.

In this paper, we describe a mathematical model of cell fate decision between life,
survival and two alternative modes of cell death: through apoptosis and necrosis,
following [2]. Not having the ambition to deal with the whole complexity of cell fate
decisions in vivo, we decided to concentrate on modeling the outcome of a classical
and rather well-defined experiment of inducing cell death: adding to a cell culture
a specific ligand (Tumor Necrosis Factor, TNF, or other members of its family such
as FASL). The ligand can affect the so-called cell death receptors and trigger cell
death through apoptosis or necrosis in some cell types and survival mechanisms, in
others [7]. The exact outcome of this experiment depends on many circumstances:
cell type, dose of the ligand, duration of the cell treatment, certain mutations in
cell genomes, etc. Trying to characterize the biochemical response of a cell to this
relatively simple kind of perturbation allows to understand certain cell fate decision
mechanisms.

2 Genetic network of cell fate decisions

Let us refer to a cell in a resting state as ”naive“. The naive state corresponds to
the case when the cell is not under any life-threatening stress conditions and not
receiving death receptor inducing signals. Such a cell remains alive but we shall not
call this state ”a survival“, since survival in our description will be associated with

3



active resistance to stressfull conditions. In the experiment with adding TNF ligand
to a cell culture, it is known that most cell types survive in a manner that depends
on the activation the protective transcription factor NFκB [8].

After a tremendous simplification (Fig. 2a), our knowledge about functioning of
NFκB pathway in these conditions is the following: NFκB transcription factor is
activated through the destroying its inhibitor, IκB (which is not explicitly shown
in the diagram), with the help of a specific kinase called IKK. In turn, IKK re-
ceives signals from the death receptors through another protein called RIP1, and,
more specifically, the ubiquitinated form of the protein referred to as RIP1ub on the
diagram. When NFκB is activated and transported into the nucleus, it can tran-
scriptionally activate a plethora of genes, among which there are cFlip, BCL2, ROS
scavenging enzymes coding genes, and members of the IAP (inhibitors of apopto-
sis) family cIAP1, cIAP2 (together referred to as cIAPs), and XIAP . Both these
genes are called in such a way because they were first characterized as inhibitors of
apoptosis (IAPs).

Our knowledge about necrosis and apoptosis can be also represented in such
an extremely simplistic fashion. In reality, these two mechanisms are tightly cou-
pled and have significant overlap in participants, thus in the Fig. 2, the suggested
separating line represents a naive simplification made for the clarity reasons here.

In very few words, after a cell receives TNF signal, the apoptosis pathway is
activated when specific death inducing complexes C2 TNF pass a signal to CASP8,
by cleaving its initial unprocessed molecular form (uncleaved caspase 8). As a re-
sult, CASP8 can initiate disrupting of outer mitochondria membrane with the help
of a special family of BAX proteins. As a result, many components of intramem-
brane space is released into the cytosol. Among them, cytochrome C (CYT C) is
the most important for inducing apoptosis, because it is necessary to form the so
called Apoptosome and, finally, activate execution caspases such as CASP3 that
will do the actual work for apoptosis, by cleaving and destroying many intracellu-
lar structures including membranes and DNA. Another important ingredient of the
mitochondria intermembrane space is the second mitochondria-derived activator of
caspase (SMAC), for its role in inhibiting survival.

Unlike apoptosis, the necrosis signaling passes through reactive oxygene species
(ROS) which, when present in high concentrations, can severely damage mitochon-
dria and cause mitochondrion permeability transition (MPT). This event, in turn,
generates additional ROS in the cytosol, leading to the avalanche of MPTs in all
cell’s mitochondria. ROS level can be raised in a cell for many reasons, connected
with, for example, toxic conditions. However, in response to activating death in-
ducing receptors, RIP1 kinase can transduce specific signals leading to intracellular
ROS production . Thus, necrosis can be initiated in a programmed fashion. Dis-
rupting mitochondria in a cell leads to severe deficit of ATP, the main biochemical
currency, with lethal consequences.

It is extremely important to underline that three pathways mentioned: apoptosis,
necrosis and survival through NFκB activation, are connected by multiple crosstalk
relations (Fig. 2) at all levels of the pathways (upstream and downstream). As a
matter of fact, these crosstalks raise a question about the definition of each of the
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pathways, since, after full assembly of the cell fate decision machinery, it is difficult
to decompose it back into independent modules without an a priori definition of
pathway borders.

In [2] we summarized the current knowledge on the interactions between cell fate
decision mechanisms in a simplistic wiring diagram where a node represents either
a protein (TNF, FADD, FASL, TNFR, CASP8, cIAP, cFLIP, BCL2, BAX, IKK,
NFκB, CYT C, SMAC, XIAP, CASP3), a state of protein (RIP1ub, RIP1K), a small
molecule (ROS, ATP), a molecular complex (Apoptosome, C2 TNF, DISC FAS), a
group of molecular substances (BAX and BCL2), a molecular process (Mitochondria
permeabilization transition, MPT, Mitochondrial outer membrane permeabilization,
MOMP) or a phenotype (Survival, Apoptosis, Non-apoptotic cell death, NonACD).
Each directed and signed edge represents an influence of one molecular entity on
another, either positive (arrowed edge) or negative (headed edge). These types of
diagrams are ubiquitous in the biological literature.

Note on the diagram that the phenotype nodes are in fact simple interpretations
of the following molecular conditions: 1) activated NFκB is read as survival state; 2)
lack of ATP is read as nonapoptotic cell death state; 3) activated CASP3 is read as
apoptotic cell death. Absence of any of such conditions is interpreted as a ”naive“
cell state, corresponding to the fourth cellular phenotype.

3 Biological phenotype as an attractor of a dy-

namical system

The diagram drawn and recapitulating the biological knowledge can be used in
some types of reasoning on the cell fates, however, it remains ambiguous in many
aspects, preventing from application of mathematically strict ways of coming from
an assumption to a conclusion. In other words, some formal language is needed to
associate the biological diagram with a mathematical object, properties of which
can be analyzed in a formal way.

One of the simplest way to introduce such a language, is to consider the so
called ”Boolean“ or ”discrete“ approach [9]. In this approach, the ”activity“ of each
node on the diagram is characterized by a number which can take some discrete
values. In the simplest case it is ”0” (inactive) or ”1” (active) values, or, in the
logical interpretation, ”false“ (inactive) and ”true“ (active). Then, to introduce the
first formalization of the problem, one has to specify how a state of a given node
depends on the state of the other nodes pointing at it. When a node has only one
upstream neighbor, this is a fairly simple task, however, the number of possibilities
grows exponentially with the number of affectors. There exists a compact way to
represent the update rules, which consists in using standard logical formulas. The
rules are inspired by the biological knowledge about the mechanisms of action of the
affectors (their co-operativity, etc.) on the target node. More detailed description
of the logical rules in the cell fate decision model is given in [2], here we provide
them for completing the model definition (see Table 1).

Let us introduce a notion of a state transition graph, associated with the discrete
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Figure 2: Genetic network (a) and epigenetic landscape (b) of the cell fate decision
machinery. a) biological diagram of molecular interactions involved in cell fate deci-
sions derived from the biological literature. By dashed lines the diagram is roughly
divided into three modules corresponding to three submechanisms of cell fate deci-
sions. Notations: 1) Proteins: TNF, FADD, FASL, TNFR, CASP8, cIAP, cFLIP,
BCL2, BAX, IKK, NFκB, CYT C, SMAC, XIAP, CASP3; 2) States of proteins:
RIP1ub (unibquinated form of RIP1), RIP1K (kinase function of RIP1); 3) Small
molecules: ATP, ROS (Reactive oxygen species); 4) Molecular complexes: Apop-
tosome, C2 TNF, DISC FAS; 5) Molecular processes: MPT (Mitochindria perme-
bialization transition), MOMP (Mitochondrial outer membrane permeabilization);
6) Phenotypes: Survival, Apoptosis, NonACD (Non-apoptotic cell death). b) State
transition graph. Each node on this graph corresponds to a state, characterized by a
sequence of “0” or “1” values. An example of one particular state is given on the left
(a “physiological state”). Note that this is not a real state transition graph but only
an illustration, since the graph contains 228 nodes, which is impossible to visualize
and even to fit into the computer’s memory. An example of a systems trajectory
is shown by thick curve. An example of a state corresponding to a ”point of no
return“ is shown by the big circle (from this state the system will be determined to
finish in the middle stable state). Compare this figure to Fig. 1.
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DISC TNF’ = TNFR AND FADD TNF’ = TNF
RIP1’ = (TNFR OR DISC FAS) AND (NOT CASP8) FADD’ = FADD
CASP8’ = (DISC TNF OR DISC FAS OR CASP3) AND (NOT cFlip) FAS’ = FAS
RIPub’ = RIP1 AND cIAP TNFR’ = TNF
cIAP’ = (NFkB OR cIAP) AND (NOT SMAC) RIP1K’ = RIP1
BAX’ = CASP8 AND (NOT BCL2) cFlip’ = NFkB
ROS’ = (RIP1K OR MPT) AND (NOT NFkB) IKK’ = RIP1ub
MPT’ = ROS AND (NOT BCL2) BCL2’ = NFkB
MOMP’ = BAX OR MPT SMAC’ = MOMP
NFkB’ = IKK AND (NOT CASP3) CYT C’ = MOMP
XIAP’ = NFkB AND (NOT SMAC) DISC FAS’ = FAS AND FADD
Apoptosome’ = CYT C AND ATP AND (NOT XIAP) ATP’ = NOT MPT
CASP3’ = Apoptosome AND (NOT XIAP)

Table 1: Logical update rules defining the discrete dynamical model shown on the
Fig. 2.

dynamical system defined by the logical rules in Table. 1. On this graph, each node
represents a state of the system which in this case can be encoded by a sequence
of 0s and 1s. The states are connected by a directed edge if a transition between
two states is allowed, accordingly to any of the logical update rules in Table 1. In
principle, the state transition graph can be defined independently and without the
biological diagram, however, this would require a tremendous amount of empirical
knowledge which is not available. Hence, the biological diagram with associated
logical rules is used as a compact representation and a tool to generate the state
transition graph. Detailed instructions on this procedure can be found in [9].

The set of all possible states provides a discrete phase space of the system. The
state transition graph contains all possible ways of the systems dynamics (trajec-
tories). In other words, it is the multidimensional epigenetic landscape of the cell
fate decision network. Note that the state transition graph is assumed to be rather
sparse compared to the fully connected graph where any two state transitions would
be possible. Hence, on this landscape, one can determine bifurcating states, points
of no return, etc. The properties of the landscape are determined by the properties
of the complex biological gene network described in the previous section, further
illustrating the old Waddington’s idea.

Some states of the state transition are distinguished from the others. First of all,
there are so called ”sink“ nodes. A ”sink“ node is such a node that any allowed tran-
sition from this node leads to itself. We will interpret such nodes as the final stable
system states corresponding to the biological phenotypes. Mathematical analysis
of the logical equations (Table 1), using GINsim software [12] shows that for our
model there are 27 such states. These states can be represented as a set vectors with
0-1 components in the phase space of the dynamical system. Their distribution can
be visualized in 2D using, for example, principal component analysis (PCA), which
is performed in Fig. 3. From this visualization, one can conclude that the stable
states of the system can be grouped in four compact clusters, each corresponding to
a particular cellular phenotype (“naive”, survival, apoptosis, necrosis). Notice that
the fact of existence of four well-separated clusters of the stable states is indepen-
dent of our interpretation. It allows us to robustly match clusters to phenotypes.
It happens that this matching is meaningful and the profiles of the stable states in
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Figure 3: Grouping stable states of the discrete system described in the Table 1 into
four phenotypic clusters. Left) A table of stable states of the discrete dynamical
system of cell fate decision. First three and last three columns are inputs and outputs
of the model, the rest are internal variables. Right) Principal component analysis
(PCA) of the table of stable states made on the values of the internal variables.

terms of variable activities reflect our current knowledge of the functioning of the
cell fate decision machinery.

Comparing the existing knowledge with the profiles of stable states allows to
formulate some predictions. That way one can notice that RIP1 protein is always
inactive in the cluster of stable states matched with the necrosis phenotype. It is
known, however, that RIP1 plays an essential role in initiating necrosis. As a result,
we predict that the role of RIP1 in necrosis, although being essential, is nevertheless
transient. This type of predictions can be verified in an experiment.

4 Probability of a phenotype

The state transition graph allows to address more complicated and interesting ques-
tions. One of these questions is the following: Starting from a distinguished state of

a cell, what is the probability to arrive to each of the stable states?

This type of questions can be solved by converting the state transition graph
into a Markovian process of random walk on a graph, and analyzed by the corre-
sponding classical techniques [10]. However, there is one essential ingredient missing
for performing such type of analysis: the state transition probabilities. Once again,
defining these probabilities directly on the graph from some empirical observations
is impossible at present time. Hence, these probabilities should be derived from the
logical model with the use of some additional assumptions.

The simplest assumption is to consider all transitions firing from a given state
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as equiprobable, and it was used further to compute probabilities with which a cell
will arrive at a certain phenotype. Biological interpretation of such an assumption
is not simple. In a way, we consider a ”generic” cell in which all possible system tra-
jectories take place with equal probabilities (without dominance, i.e. any preferable
route). One can argue that in any particular concrete cell, this would not be true
anymore and that the generic cell is not representative of anything real observed
in an experiment. Having in mind this difficulty, we avoid direct interpretation of
absolute values of probabilities, concentrating rather on relative changes of them in
response to some system modifications such as removing a node or fixing a node’s ac-
tivity. It happens that such a ”generic” cell model is already capable of reproducing
a number of known experimental facts.

At the same time, one can suggest various ways to overcome the ”equiprobabil-
ity” assumption. Typically, some nodes on the diagram can be considered as being
”faster” or ”slower” than others. This approach is implemented in [12]. Another
way to make the probabilities of transitions outgoing from a state inequal, is to
distinguish ”slow“ and ”fast“ influences on the biological diagram. For example,
transcriptional influences can be considered as slow in comparison to influences ex-
plained by formation of molecular complexes. Investigation of the possibilities of
this approach which has more clear biological interpretation is in process.

When the state transition graph is parametrized by transition probabilities, one
can, using the standard techniques (which, however, should be adapted here, given
the size of the graph, see [2, 11]), compute the probability of hitting a given stable
state, considering that a random walk starts from a given initial state. Then this
probability is associated with a probability of observing a particular phenotype in
an experiment. For doing this, it is convenient to define a unique initial state which
is referred to as the ”physiological state”. In the model of Fig. 2 it is the state
in which all elements are inactive except ATP, FADD and cIAP. This is a stable
state, which looses its stability when TNF variable is changed from 0 to 1 and the
dynamical system starts to evolve in time.

Using this approach, we performed a number of in silico experiments in which
the probability of arriving to stable states was computed on a modified, or ”mutant”,
model (as opposed to the initial ”wild-type” model). Typical model modifications
that were considered here are to remove a node from the diagram with all associated
edges or to fix some nodes’ activities to 1. For our cell fate decision model, the
result is provided in Fig. 4. In [2] this table was systematically compared with the
experimental data of the cell death phenotype modifications observed in various
mutant experimental systems, including cell cultures and mice. The model was able
to qualitatively recapitulate all of them and to suggest some new yet unexplored
experimentally mutant phenotypes. The most interesting in this setting would be
to consider synthetic interactions between individual mutants, when several nodes
on the diagram are affected by a mutation simultaneously.
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Figure 4: Changes in the phenotype probabilities from the random walk on the state
transition graph, starting from the initial physiological state. Various ”mutant”
modifications of the dynamical system are tested here. Here ”A“ denotes Apoptosis,
”N“ denotes Necrosis and ”S“ denotes Survival, ”0” denotes Naive state. ”O.e.”
stands for overexpression of a protein, ”antiox” means treatment by antioxidants,
z-VAD fmk simulates the effect of caspase inhibitor z-VAD-fmk.

5 Conceptual model of cell fate decisions

To complete our study of cell fate decision, we reasoned on the simplest model of
cell fate that can be deduced from the master model described above.

The purpose here was to simplify the network to obtain a formal representation of
the logical core of the network. We have selected three components to represent the
three cellular fates: NFκB for survival, MPT for necrosis and CASP3 for apoptosis.
Based on reduction techniques and on the identification of all possible directed paths
between these three components [13], a three-node diagram was deduced from the
master model (see Fig. 5).

In this compact model, each original path (including regulatory circuit) is repre-
sented by an arc whose sign denotes the influence of the source node on its target.
In some ambiguous cases (e.g. influence of MPT on CASP3 or of NFκB on MPT),
the decision on the sign of the influence is based on the Boolean rules and not on
the paths only. Indeed, two negative and one positive paths link NFκB to MPT.
Therefore, the sign of the arc depends not only on the states of BCL2 and ROS, both
feeding onto MPT, but also on the rule controlling MPT value. Since the absence of
BCL2 and the presence of ROS (Boolean AND gate) participate in the activation of
MPT, if BCL2 is active, then MPT is set to 0, even when ROS is 1. By extension,
if NFκB is 1, then MPT is 0, justifying the choice for a negative influence. In the
case of mutations eliminating all the negative influences, however, a positive arrow
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Figure 5: A minimal model of three alternative cell fate decisions. Upper row)
minimal conceptual model of cell fate decision machinery (left) and its state transi-
tion graph (right). Middle row) a modification of the minimal model, obtained by
removing CASP8 from the biological diagram. Bottom row) a mofification of the
minimal model, obtained by removing both CASP8 and cIAP from the diagram (an
example of synthetic interaction).

must be considered.
The resulting molecular network is symmetrical: each node is self-activating and

is negatively regulated by the other nodes. This is a conceptual picture representing
the general architecture of the master model that can help address specific questions.
Even for this relatively simple regulatory graph, there is a finite but quite high
number of possible logical rules. For now, we use a simple generic rule involving the
AND and NOT operators. For example, the logical rule for CASP3 is: NOT MPT
AND NOT NFκB AND CASP3. This compact model has four stable states, each
corresponding to one cell fate, along with the ”naive” state. This is coherent with
what was observed from the analysis of the complete model.

From this minimal complexity model, one can conclude that the initial model
contains three mutually inhibiting and self-activating ”modules” assuring stability
and separability of the phenotypes. However, it is not easy to dissect and clearly
separate the modules. In other words, the modules are not defined at the level
of the structure of the biological diagram and gene interaction network (Fig. 2a,
and Fig. 1b) but rather on the epigenetic landscape itself (Fig. 2b, and Fig. 1a).
The structure of the genetic network does not necessarily contains well-separated
structural components corresponding and determining these ”dynamics” modules.

In the language of engineers, the motif shown on Fig. 5 can be called a ”three-
stable trigger”. Bistable triggers were shown to be a typical motif in other molecular
mechanisms, regulating, for example, the cell cycle [14].
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6 Discussion

Mathematical models provide a way to test biological hypotheses in silico. They
recapitulate consistent heterogeneous published results and assemble disseminated
information into a coherent picture using an appropriate mathematical formalism
(discrete, continuous, stochastic, hybrid, etc.), depending on the questions and the
available data. Then, modeling consists of constantly challenging the obtained model
with available published data or experimental results (mutants or drug treatments,
in our case). After several refinement rounds, a model becomes particularly useful
when it can provide counter-intuitive insights or suggest novel promising experi-
ments.

Here, we have conceived a mathematical model of cell fate decision, based on
a logical formalization of well-characterized molecular interactions. Former math-
ematical models only considered two cellular fates, apoptosis and cell survival. In
contrast, we include a non-apoptotic modality of cell death, mainly necrosis, involv-
ing RIP1, ROS and mitochondria functions.

In recent literature there exists a number of reports in which analogies and
differences between engineering and biological implementations of specific functions
are discussed (for example, see [15]). Let us have a look at the process of cell fate
decision between survival, necrosis and apoptosis from this prospective.

Let us imagine ourselves in engineer’s shoes who is asked to construct a device
capable of performing three mutually exclusive functions. The most probable design
for this problem appears in Fig. 6, left. It contains three modules performing the
functions, each module is activated by a separate button. To improve the response,
some analysis of the state of the buttons would be needed: for example, to determine
what happens if when one button is already pressed, another is pressed and so on.
The device will be usable and practical if the response to pressing one of the buttons
will be maximally predictable.

By contrast, the design that is used by nature to solve these kinds of problems
is quite different (Fig. 6, right). First, there is no evident separation of the signal
processing into independent modules: as we have seen, the modules are connected
by extensive crosstalk at all levels of the fate decision. In this case the definition
of the modules becomes difficult, not mentioning the decoupling of their dynamics.
Second, nature might use only one button (receptor) but the decision will depend
on the strength of pressing it, duration of pressing and the internal state of the
system at the moment when the button is pressed. As a result, the response will
be stochastic and characterized by a non-zero probability of having several resulting
phenotypes. If many buttons are used then their functions can hugely overlap. The
effect of pressing one button might depend on the states of other buttons, etc. Using
such a device in every-day life would be difficult.

It is not evident which design would be advantageous in naturally evolving sys-
tems. To understand the drawbacks and advantages, one has to formulate the
optimality criteria. For example, one can ask which design is more resistant (able to
perform its function after a perturbation) to a random withdrawal of certain num-
ber of elements. Systematic comparison is required to answer this question, and the
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Figure 6: Comparing engineering and biological approaches to deciding between
three alternative cell fates. Engineering solutions are characterized by clear separa-
tion of modules, maximum predictability of the response. Features of the biological
solution features are overlapping modules, a response to a perturbation which is
probabilistic and dependent on the internal system state.

answer is expected not to be simple. Another possible criterion to consider: which
design is more probable to appear in the process of random tinkering? For example,
one can assume that a typical mechanism of evolution consists in two recurrent ap-
plying of two operations: 1) duplicating already existing and working elements with
further partial specialization and partial conservation of a common function; and 2)
ad hoc re-using already existing details for a new and completely different purpose.
In this scenario, huge overlap in the hypothetical modules is unavoidable and ex-
pected. For example, why does cytochrome C play a double role both in respiratory
chain of mitochondria and in the apoptosis signaling after mitochondria membrane
permeabilization? Is it an advantage in some way to have the crosstalk between
cellular metabolism and apoptosis signaling, or is it a mere random consequence of
the ad hoc use of cytochrome? How does this decision, when fixed, constrain further
evolution of the machinery, etc.?

All these questions make the analogy between engineered devices and biological
systems, although usefull in some simple considerations, but fragile and sometimes
misleading concept. Much more should be understood in order to define the correct
optimality criteria used by evolution and, hence, to separate the role of chance from
the role of design and selection in biological evolution as compared to engineered
devices.
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