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In silico multicellular systems biology

and minimal genomes

Eric Werner

The invivo and in silico understanding of genomes and networks in cellular
and multicellular systems is essential for drug discovery for multicellular
diseases. In silico methodologies, when integrated with in vivo engineering
methods, lay the groundwork for understanding multicellular organisms
and their genomes. The quest to construct a minimal cell can be followed
by designed, minimal multicellular organisms. In silico multicellular systems
biology will be essential in the design and construction of minimal genomes
for minimal multicellular organisms. Advanced methodologies come to light
that can aid drug discovery. These novel approaches include multicellular
pharmacodynamics and networked multicellular pharmacodynamics.
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networks, metabolic networks and multicellu-
lar processes. A system level analysis can weed
out possibly dangerous drug interactions with
a multicellular system, as well as point to po-
tential targets for drug design. Because of the
complexity of multicellular systems, in silico
multicellular modeling and simulation will
become an essential component in the drug
discovery process. The effort to create mini-
mal genomes for minimal cells will provide
the prerequisites for the in silico design and
in vivo engineering of minimal multicellular
genomes (MMCGs) for minimal multicellular
systems (mMMCSs). This will result in testable
in silico multicellular modeling and simulation
that is necessary for drug target discovery,
drug discovery and design.

Despite an ever-increasing inundation of
genomic data [1,2], we still do not have a solid
understanding of how genomes relate to phe-
notype, nor do we understand many of the
processes within cells. We do not even know
why it is that the genes of humans and chimps
are virtually identical and yet they differ sig-
nificantly in morphology and behavior. How
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is this possible? For those who think that
chimpanzees are not much different from
ourselves, consider the worm or the fruit fly
that also share many of their genes with us.
The only answer must be that the difference
in structure and complexity resides not so
much in the genes, but rather in the regu-
lation of those genes. And, regulation occurs
in the noncoding regions of genomes. Indeed,
this is becoming the accepted view among de-
velopmental biologists [3-5]. The focus then
shifts from genes to whole genomes and how
they are organized. Let us call the organization
of a genome the ‘regulatory architecture’ or
‘genome architecture’. The regulatory archi-
tecture is the global network in the genome
that regulates the dynamics and the develop-
ment of an organism.

Genome semantics or how does a
chimpanzee differ from a human?
The genes of a chimpanzee and a human are
virtually identical, therefore, it must be the
regulatory genome architecture where the
genomes and humans and chimpanzees will
differ sufficiently to account for the differences
in development, morphology and behavior.

The central problem of post-genomic bi-
ology and medicine is to understand the mean-
ing of genomes. To understand genomes we
need to view them in their biological context.
This includes the context of the cell and the
dynamic context of a developing multicellu-
lar organism. Traditionally, this is done in the
laboratory. A complementary approach is to
model and simulate the functioning of genomes
using in silico models of cells and multicellu-
lar organisms. Here, a hybrid, multilevel ap-
proach is propsed, which combines in silico
and in vivo methods.

A genome requires the cell to interpret what
its genome means. In the case of the genome,
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Figure 1. The systems biology hierarchy is a rough working chart of a broad spectrum of evolving concepts and research. There are
several possible interpretations: (1) It is a modeling hierarchy with higher level models combining and abstracting concepts and models
from lower levels. (2) It is a research hierarchy where levels correspond to areas of research in systems biology with higher levels depending
more or less on lower levels. (3) It is an informational-ontological hierarchy that is modular or compositional. Many of the levels
correspond to levels of information and ontology with information and objects at higher levels being constructed using lower level
information and objects. Information flows up and down these levels. (4) It is an organizational hierarchy; as we go up the hierarchy we
get more encompassing organization. (5) It is a semantic hierarchy where the genome is interpreted differently at each level. Note,
mathematics, physics and chemistry are at the center radiating out to higher and lower levels. The lower levels are more data intensive.
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however, this is more complicated because part, if not all,
of the interpreter (object semantics [6,7]) within the cell is
generated by the genome itself. Thus, the genome contains
within itself its own interpretation. We will see that
genome semantics must deal with a hierarchy of levels of
information and ontology. There are two related hierar-
chies: a modeling hierarchy and a semantic hierarchy. We
first describe the modeling hierarchy in systems biology.

The systems biology hierarchy

Computational systems biology [8-14] can be described as
a set of areas of research and modeling that fall into a hier-
archy (Figure 1). In this hierarchy, all levels have an equal
contributing value; for example, while the higher levels
tend to be supported by the lower levels, a higher level
might also be used to organize and give meaning to a lower
level. To illustrate this, mutations in the genome, at a
low level, are described in terms of their effects on the
morphology at the level of the organism, a high level of
information and ontology. This also shows that a low level
can have a direct effect on a much higher level of infor-
mation.
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There are different levels of detail and scope in model-
ing biological systems. Each level has its own laws but the
levels do interact. At the lowest level, we have traditional
bioinformatics dealing with genome and protein data-
bases. At the next level is software that analyzes and makes
predictions based on data. This includes promoter analysis
[15,16], network inference [17,18] and the prediction of
how proteins fold [19,20]. The next level is really the basis
for all the levels - theoretical computer science, mathemat-
ics, physics and chemistry. There are many approaches to
the analysis of genomic regulatory networks, including
logic and differential equations [21-23] and constraint-
based modeling [24]. Multiagent systems theory is relevant
when we consider complex systems of interacting agents
[6,25]. These agents can be at different levels of ontology;
for example, proteins might be considered as agents but
cells might also be modeled as agents. The level consisting
of regulatory networks and pathways provides the logical
glue that controls the systems at the higher levels [23]. At
the next level, single cell models have and are being devel-
oped where pathways and networks are the dominant
components that are being modeled [26-28].
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Multicellular modeling goes beyond single cells. It is
concerned with the interactions between cells, including
cell signaling, growth, division and differentiation. At the
level of multicellular simulation, a whole new set of phe-
nomena appear and are amenable to study that are left
out of the lower levels. Some of these include tissue regen-
eration, wound healing, organ regeneration, tissue engi-
neering, modeling and simulating the dynamics of multi-
cellular diseases, the effect of pathways and networks
on multicellular development and disease. In addition, the
effects of in silico mutations on the dynamics and develop-
ment of the multicellular system in question can be
studied.

At a higher level, organs and the relationships between
organs are modeled. These models abstract away from in-
dividual cell structure to more generic properties [29].

Properties of systems

Ideally, in an analogous way to the relationship between
phenomenological and statistical thermodynamics, sys-
tems biology will permit the modeling of properties at dif-
ferent levels of abstraction and ontology. The information
required depends on the level of information that we are
modeling. Each level of information has its own ontology
of objects and relations. Thus, we can have models that are
incomplete and yet accurate at a given level. For example,
one might model the effects of homeotic mutations with-
out necessarily modeling all the metabolic pathways in the
cell.

The function or meaning of a part depends on the con-
text of the other parts with which it interacts. For exam-
ple, the same gear in a mechanical clock might be part of a
component to move the second hand or the hour hand.
Analogously, the function and meaning of a signal will de-
pend on the multicellular context and not just the genome
that generated the signal.

The semantic hierarchy and the meaning of genomes
To the hierarchy of levels modeling in systems biology,
there corresponds a semantic hierarchy of levels of infor-
mation and ontology. Furthermore, there is an information
flow between these levels. The specification of the seman-
tics of genomes requires that we understand how the cell
interprets the genome in different contexts and levels. At
the lowest level, we have the transcription into RNA and
then translation of mMRNA into proteins. At a higher level,
proteins have particular functions within the cell. Through
this we can assign a meaning to the gene that generated
the protein (not considering alternate splicing for the mo-
ment). At a still higher level the protein and its correlate
gene might have functions in the cells external behavior,
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such as movement, sending a signal or in the interpretation
of incoming signals.

At a further higher level of information, a signal might
be involved in the dynamics of development, for example,
in the formation a multicellular boundary. At a higher
level still, a gene might get its meaning from the physio-
logical consequences of mutating that gene. For example,
a single point mutation in the fruit fly can change a nor-
mal fly into one that has four wings [30,31]; developmental
biology is essential to the understanding of multicellular
systems [32,33].

Thus, to fully understand a genome we need to under-
stand it at different levels of abstraction, information and
ontology. In addition, as the example of the four-winged
fruit fly shows, a change at the lowest level can have
a direct effect on the structure of the highest levels,
namely the development and resulting anatomy of the
organism.

We are led to the conclusion that to understand genomes
we need to understand their semantics in the context of
the cell, as well as the context of the developing multi-
cellular organism that it generates. Thus, the meaning of
genomes is resolved into a hierarchy of levels of meaning,
which we call the genome semantic hierarchy.

Problems with the bottom-up approach

Although there is a lot of data being generated in laborato-
ries about the expression of genes, RNA and proteins, we
can not interpret the data unless we have a semantics of
the given genome. In other words, we need to understand
how the genome functions in the multicellular system.
How do we get the semantics? The dominant approach is
bottom-up; we create mutations and observe the effects.
However, genomes and their organisms are highly com-
plex and, as a result, using a direct bottom-up search for
the meaning of genomes is computationally unfeasible. In
computer science, when the search space is NP-complete it
means that the search space is so vast that no computer
can search through it in any realistic time. Depending on
the size of the search space, an NP-complete (nondeter-
ministic polynomial time complete) problem could take
hundreds of years find an optimal solution. In addition,
the search space increases exponentially, so to deal with
this unmanageable situation, computer scientists are forced
to complement bottom-up methods with top-down meth-
ods, including heuristic information to reduce the search
space. For example, chess players use heuristic information,
based on their intuition and experience to be able to com-
pete with computers. Thus, to understand genomes we
need a multilevel approach that models many levels of
information.
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Figure 2. Relationship between in silico and natural MCOs. The
red arrow is the translation relationship between the in silico and
natural genomes. The blue arrow on the left represents the in
silico generation relation from genome to multicellular
organism. The green arrow on the right represents the
generation relation between the natural genome and the in vivo
or in vitro organism. The bottom light blue arrow is the
correspondence relation between the generated organisms.
The middle black solid arrow points to the possibility via the
translation relation of predicting the phenotype of a natural
genome in silico without generating it in vivo. The middle
dashed black arrow points to the possibility of designing and/or
reverse engineering natural organisms by way of the translation
relation.

In silico genomes

One way of reducing the search space for the semantics of
genomes is to conduct in silico simulations of genomes that
lead to multicellular phenomena that correspond to nat-
ural multicellular phenomena. In such an approach, the
semantics of genomes is constrained by what we know
from research in molecular biology, cell biology and genet-
ics, as well as a century of experimentation in developmen-
tal biology. Modeling multicellular or cellular processes is,
in essence, a process of theory construction where com-
puter software is used to develop and test theories of the
function of genomes, their architecture and their seman-
tics. This is a fundamentally different approach than that
of going directly from data to models.

Minimal genomes and minimal cells

Complementary to a virtual, in silico approach that models
the semantics of single cell and multicellular genomes, is
the in vivo construction of genomic networks that regulate
cell processes. The work by Venter and others to construct
a minimal cell with a minimal genome is part of this effort
[34-39]. Whereas Venter’s group is trying to construct a
minimal cell bottom-up, others [37-40] are reducing sim-
ple bacterial genomes to find a minimal set of essential
genes. The idea is to use forward engineering to construct
an artificial organism. The method presupposes a group of
components that are more or less understood. These com-
ponents are then combined to construct further compo-
nents. Ultimately, this leads to the systematic building of
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the entire cell. By finding the combination of components
that are essential, those components can be systematically
modified and added to, to gain new functions.

The starting point is what are known to be almost mini-
mal genomes. By taking the intersection of the two small-
est known genomes, their commonalities can be found.
This results in an initial set of genes that could be pre-
sumed to be minimal. This approach makes the implicit as-
sumption that the common factor of two organisms must
be minimal. However, it could be that there is no minimal
cell as such. Two single-celled organisms O1 and O2 could
be minimal and yet not have a common core. Imagine we
have a goal state G that is necessary for survival. Some of
the genes might interact cooperatively so that in organism
O1, gene A and gene B yield goal state G, yet in the other
organism O2, gene A and gene C also yield the same goal
state G. In such a case both genomes are minimal in that
one can not delete any of their genes without loss of via-
bility, and yet they are not identical. In cases of coevolu-
tion, this could have occurred. If organisms really do consist
of modular, functional units, then functionally equivalent
units yet with distinct components constructed from dif-
ferent, nonhomologous genes might have evolved inde-
pendently. Hence, it might not be that the intersection of
two minimal organisms is really minimal, it might be a
nonviable organism. If this is the case, then the above
enterprise could be even more difficult to achieve.

An additional but essential difficulty with the construc-
tion of the minimal cell is that the regulatory regions that
control the functioning of the cell must be sufficiently un-
derstood. At present, there is still a great deal of mystery
surrounding the functioning of the promoter and other
regulatory regions in the control of the cell. Initially,
Venter wants to avoid the issue of regulatory regions [35].
Whether and how these important control regions can be
sidelined while constructing the minimal cell is still an
open question.

Minimal multicellular genomes

If the construction of a minimal cell can be achieved, what
happens next? | believe that the next step is to investigate
the regulatory properties of minimal cells. After that it
becomes possible to investigate minimal multicellular
genomes (MMCGs) and their organisms. An mMCG for a
multicellular system is the simplest genome that is capable
of generating that system. In other words, mMCGs gener-
ate mMCSs. An mMCS is a multicellular structure that
develops from a single cell using a minimum of cellular
structure and genomic information. A minimal multicellu-
lar organism (mMMCO) is a type of mMCS that is robust
[12,41-43], capable of sustaining itself and is usually able
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to reproduce. Unlike an mMCO, an mMCS need not con-
tain specialized cell systems required for self sufficiency or
self reproduction. The multicellular system is minimal in
the sense that the genome necessary for the system to de-
velop is minimal and the cell structure of the differentiated
cells is minimal.

Note that mMCSs can be in vivo or in silico. Indeed, in vivo
systems might first be designed in silico before being trans-
lated into actual DNA to construct an in vivo genome,
which is then inserted into a minimal starter cell. This
process is illustrated in Figure 2.

As in the case of minimal single cells, there might be no
unique minimal genome; two genomes of equal size might
be able to develop a single cell into an equivalent multicel-
lular structure. Because of the enormous complexity of nat-
ural genomes and their organisms, a science of minimal
genomes for mMCOs will permit us to understand the fun-
damental genes and regulatory networks that are necessary
and sufficient for the development of constructed and natural
cells. Given that basis we can then go on to gain a deeper
understanding of more complex natural genomes. It would
be expected that natural genomes have at least the following
additional sources of complexity. First, there will be archaic
sub-genomes for functions and structures that are no
longer needed for the survival of the modern organism
(Werner, E., unpublished; see http://www.cellnomica.com).
Second, there will be complexity from genes and networks
that are required for the survival of the organism in com-
plex environments. Third, there will be complexity from
genes and networks for features unique to a particular type
of organism. Finally, there will be differences in individuals
genomes that confer the uniqueness to each individual’s
ontogeny and phenotype.

Just as models of single cells and their networks have an
essential role in the construction of the minimal cell, so
too in silico modeling and simulation of genomes in multi-
cellular development will have a dominant role in the de-
sign and construction of mMMCGs. In fact, we will reach a
point were most of the modeling and design of the genome
will first be done in software before the genome is inserted
into a starter cell to then develop into the corresponding
multicellular structure in vitro or in vivo.

Engineered mMCOs and drug discovery

This forward engineering process will open up new areas of
biotechnology as well as multicellular pharmacodynamics
(MCPD; see subsequent sections). In particular, networked
MCPD might see great advantages in that an in silico model
of an mMCO can then be tested and corrected by how the
corresponding natural mMCO responds to a drug. One
problem with the minimalist approach is that because the
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cell is minimal it might lack some of the drug responses of
the normal cell. However, this is outweighed by the advan-
tages that lead to a precise understanding of the compo-
nents and the organization of cells and mMCOs and their
reaction to a given drug. For, example a drug candidate
might be predicted (in silico) to affect certain targets in the
genomic network of the in silico mMCO; however, the cor-
responding in vivo mMCO might or might not respond as
predicted. If it does not respond, either the in silico model
of the mMCO is modified or the in vivo genome or the cell
is changed. Thus, once we have a working in silico mnMCO,
we can then increase the complexity gradually until it
approaches that of natural MCOs.

In summary, it becomes apparent that the project of
constructing the minimal cell based on a minimal genome,
and the even more important construction of minimal
genomes for mMMCOs, has important consequences for both
biotechnology and the pharmaceutical industry. It could well
revolutionize the way we do biology and the life sciences.

Systems biology and drug discovery

As described previously, the genome can and should be in-
terpreted at different levels of information and ontology.
In the drug discovery process, there is also a realization by
scientists that an ontological view restricted to the mol-
ecular level might hinder the drug discovery process. There
is a movement to complement the molecular view with a
systemic view in drug design [44]. Regulatory networks re-
quire a systemic understanding. Although it is certainly
true that there are powerful and effective drugs with a
broad range of applicability, the complexity of information
enables drug design with precise effects on network behav-
ior. However, to achieve this the drug design process needs
to include the genomic network and its interpretation by
the cell.

For example, in addition to the standard ADMET prop-
erties, other higher level properties and objects become rel-
evant including regulation, repression, activation, promot-
ers, enhancers, signaling, gradients, differentiation and
temporal dynamics.

Multi-cellular pharmacodynamics

Pharmacokinetics is the study of the distribution of drugs
in organs and tissue. Pharmacodynamics (PD) goes a step
further and attempts to get at the causes and workings of
ADMET properties [44]. We propose to extend PD one step
further.

Multicellular modeling of PD uses multicellular models
where cells can be in diversely differentiated states. It uses
multicellular tissue to model and dynamically simulate and
display the effect of drug distribution and other ADMET
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properties and is a hybrid approach that combines mol-
ecular information with cell and tissue level information.
The ADMET properties are modeled in the context of a
complex multicellular structure. The multicellular structure
can be static, dynamic and even developmentally dynamic,
where the tissue or organ in question is developing (growing
and differentiating over time).

MCPD is the study of the static and dynamic properties
and relationships between a set of drugs and a dynamic
and diverse multicellular 4D organization. In contrast to
simple compartmental models, MCPD models open the
door to fine-grained modeling of tissue, morphology and
cellular level response to drug ADMET properties.

Networked multicellular pharmacodynamics
Furthermore, MCPD models can be extended to model
regulatory genomic networks together with signal trans-
duction pathways, as part of a complex of interacting com-
ponents in the cell; these are known as networked-MCPD
(Net-MCPD) models. In this way, drug interactions with
the cell, the genome, the cell signaling dynamics and the
multicellular system can also become accessible to model-
ing. In this approach, many levels of the systems biology
hierarchy are involved in modeling and simulation to the
benefit of the drug discovery process.

In silico cancer modeling and simulation

For example, in cancer the regulatory networks in the
genome and cell signaling dynamics can have a key role
in the etiology, ontogenesis and dynamics of the disease.
In this case, drug ADMET properties must be supplemented
by additional properties that influence the dynamics of rel-
evant cellular disease states. MCPD models enhanced with
genome and cell signaling components might give us
a deeper insight into the dynamics of cancers and their
response to drugs in a dynamic multicellular context.

In a computer study of in silico cancers, the cancers
could be prevented at many different sites in the intracel-
lular pathways (Werner, E., unpublished; see http://www.
cellnomica.com). However, most of the sites led to severe
developmental or metabolic abnormalities. Only a few of
the sites had minimal side effects. This in silico study has
relevance to understanding the in vivo situation in real can-
cers, in that it shows that complex dynamic systems can
have different responses to the same drug at different
points in the development of the organism. Therefore, the
effect of a drug on the dynamics of cell growth might depend
on the dynamic state of the cell with which it interacts.

The drug discovery process can be aided by different
in silico methods corresponding to different levels in the
systems biology hierarchy. There are low level methods,
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such as QSAR and Lipinski’s Rule of Five [45,46]. In the fu-
ture we expect these valuable methods to be supplemented
by methods that focus on higher levels of the systems bi-
ology hierarchy, including in silico PD, in silico MCPD and
Net-MCPD. In some ways, pharmaceutical research is al-
ready at the level of Net-MCPD because recent drug targets
aim precisely at intracellular networks and pathways. What
is emerging and the promise of in silico Net-MCPD, is the
ability to computationally test some of these drug interac-
tions with cellular networks in the context of a dynamic
multicellular space-time process.

Conclusion

At present, drug discovery is still dominated by a bottom-
up approach that mimics the flow of information dictated
by the Central Dogma [47]. However, there are inherent
limitations with this approach because of the NP-complex-
ity of the search space. Here, an alternative, multileveled
approach has been proposed that includes in silico multi-
cellular systems biology in tandem with in vivo forward
and reverse engineering methods to analyze and design
minimal genomes for mMCSs. A test bed for drug discovery
and development will be provided by mMCOs. Moreover,
the higher the level of information that can be modeled,
the greater the search space that is accessible to explo-
ration, prediction and reduction. In addition, exploring
and reducing the search space is essential for drug discov-
ery and testing and in silico multicellular systems biology
can help in the understanding of processes involved in
wound healing, tissue and organ regeneration.

We showed that multicellular systems biology could pro-
vide new methodologies, such as MCPD and Net-MCPD
that can aid the drug discovery process. If, for example, a
drug has a direct effect on a high level network involved in
multicellular development, in silico mMMCOs could point to
possibly serious, even disastrous side effects. By contrast,
high-level network analysis, modeling and simulation of
in silico and in vivo mMCOs can also illuminate those
targets with the fewest side effects. Hence, as models and
simulations become more accurate, they could become in-
dispensable for drug discovery and drug safety. Therefore,
multilevel systems analysis in vivo combined with in silico
design, modeling and simulation provides a new founda-
tion for drug discovery.
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