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To understand complex biological systems requires the integration of experimental and computational
research — in other words a systems biology approach. Computational biology, through pragmatic modelling
and theoretical exploration, provides a powerful foundation from which to address critical scientific
questions head-on. The reviews in this Insight cover many different aspects of this energetic field, although
all, in one way or another, illuminate the functioning of modular circuits, including their robustness, design
and manipulation. Computational systems biology addresses questions fundamental to our understanding of
life, yet progress here will lead to practical innovations in medicine, drug discovery and engineering.

I

t is often said that biological systems, such as cells,
are ‘complex systems’. A popular notion of complex
systems is of very large numbers of simple and
identical elements interacting to produce ‘complex’
behaviours. The reality of biological systems is
somewhat different. Here large numbers of functionally
diverse, and frequently multifunctional, sets of elements
interact selectively and nonlinearly to produce coherent
rather than complex behaviours.
Unlike complex systems of simple elements, in which
functions emerge from the properties of the networks they
form rather than from any specific element, functions in
biological systems rely on a combination of the network
and the specific elements involved. For example, p53 (a
393-amino-acid protein sometimes called ‘the guardian of
genome’) acts as tumour suppressor because of its position
within a network of transcription factors. However, p53 is
activated, inhibited and degraded by modifications such as
phosphorylation, dephosphorylation and proteolytic
degradation, while its targets are selected by the different
modification patterns that exist; these are properties that
reflect the complexity of the element itself. Neither p53 nor
the network functions as a tumour suppressor in isolation.
In this way, biological systems might be better characterized
as symbiotic systems.
Molecular biology has uncovered a multitude of biological facts, such as genome sequences and protein properties,
but this alone is not sufficient for interpreting biological
systems. Cells, tissues, organs, organisms and ecological
webs are systems of components whose specific interactions
have been defined by evolution; thus a system-level understanding should be the prime goal of biology. Although
advances in accurate, quantitative experimental approaches
will doubtless continue, insights into the functioning of biological systems will not result from purely intuitive assaults.
This is because of the intrinsic complexity of biological systems. A combination of experimental and computational
approaches is expected to resolve this problem.

A two-pronged attack
Computational biology has two distinct branches: knowledge discovery, or data-mining, which extracts the hidden
patterns from huge quantities of experimental data, forming hypotheses as a result; and simulation-based analysis,
which tests hypotheses with in silico experiments, providing
predictions to be tested by in vitro and in vivo studies.
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Knowledge discovery is used extensively within bioinformatics for such tasks as the prediction of exon–intron
and protein structure from sequence1, and the inference of
gene regulatory networks from expression profile2–4. These
methods typically use predictions based on heuristics, on
statistical discriminators that often involve sophisticated
approaches (such as hidden Markov models) and on other
linguistic-based algorithms (see review in this issue by
Searls, pages 211–217).
In contrast, simulation attempts to predict the dynamics
of systems so that the validity of the underlying assumptions
can be tested. Detailed behaviours of computer-executable
models are first compared with experimental observation.
Inconsistency at this stage means that the assumptions that
represent our knowledge on the system under consideration
are at best incomplete. Models that survive initial validation
can then be used to make predictions to be tested by experiments, as well as to explore questions that are not amenable
to experimental inquiry.
Although traditional bioinformatics has been used widely
for genome analysis, simulation-based approaches have
received little mainstream attention. This is now changing.
Current experimental molecular biology is now producing the
high-throughput quantitative data needed to support simulation-based research. Combined with rapid progress of
genome and proteome projects, this is convincing increasing
numbers of researchers of the importance of a system-level
approach5. At the same time, substantial advances in software
and computational power have enabled the creation and
analysis of reasonably realistic yet intricate biological models.
There are still issues to be resolved, but computational
modelling and analysis are now able to provide useful
biological insights and predictions for well understood
targets such as bifurcation analysis of the cell cycle6,7,
metabolic analysis8,9 or comparative studies of robustness of
biological oscillation circuits10.
It is crucial that individual research groups are able to
exchange their models and create commonly accepted
repositories and software environments that are available to
all. Systems Biology Markup Language (SBML;
http://www.sbml.org/), CellML (http://www.cellml.org/)
and the Systems Biology Workbench are examples of efforts
that aim to form a de facto standard and open software
platform for modelling and analysis11,12. These significantly
increase the value of the new generation of databases
concerned with biological pathways, such as the Kyoto
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Figure 1 Linkage of a basic systems-biology research cycle with drug discovery and treatment cycles. Systems biology is an integrated process of computational modelling,
system analysis, technology development for experiments, and quantitative experiments18. With sufficient progress in basic systems biology, this cycle can be applied to drug
discovery and the development of new treatments. In the future, in silico experiments and screening of lead candidates and multiple drug systems, as well as introduced genetic
circuits, will have a key role in the ‘upstream’ processes of the pharmaceutical industry, significantly reducing costs and increasing the success of product and service
development.

Encyclopedia of Genes and Genomes (KEGG)13, Alliance for Cellular
Signaling (AfCS)14 and Signal Transduction Knowledge Environment (STKE)15, by enabling them to develop machine-executable
models, rather than mere human-readable forms.
Such changes are fuelling a renewed interest in a system-level
approach to biology, but we should not forget that this is an area with
a long history16,17, rooted as much as anywhere in classical physiology
(see review in this issue by Buchman, pages 246–251). However, the
close linkage between system-level understanding and molecularlevel knowledge was made possible only by the recent progress in
genomics and proteomics. The approach attempts to understand
biological systems as systems, specifically targeting the identification
of their structures and dynamics, and the establishment of methods
to control cellular behaviours by external stimuli and to design
genetic circuits with desired properties. These aims will be achieved
only by combining computation, system analysis, new technologies
for comprehensive and quantitative measurements, and highthroughput quantitative experimental data18,19.

Multiple faces of robustness
Among various scientific questions, one issue receiving considerable
attention is how robustness is achieved and how it evolves within
various aspects of biological systems. Robust systems maintain their
state and functions against external and internal perturbations, and
robustness is an essential feature of biological systems, having been
studied since the earliest attempts at a system-oriented view (for
example, Cannon’s homeostasis and Weiner’s cybernetics16). Biological systems have been found to be robust at a variety of levels from
genetic switches to physiological reactions (see review in this issue by
Buchman, pages 246–251).
Robust systems are both relatively insensitive to alterations of their
internal parameters and able to adapt to changes in their environment.
In highly robust systems, even damage to their very structure produces
only minor alterations in their behaviour. Such properties are achieved
through feedback, modularity, redundancy and structural stability.
A variety of feedback and feed-forward control is observed
throughout biology. For example, integral feedback is central to bacteria chemotaxis20–22. And p53-based cell-cycle arrest displays what is
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known in the engineering field as ‘bang-bang control’, a subtype of
feedback control. Damage to DNA is sensed by proteins such as ATM
(for ataxia telangiectasia mutated, named after a disease in which this
enzyme is mutated) and DNA-dependent protein kinase, which activate the p53 protein. Active p53 then transactivates p21, which results
in G1 arrest; this state is released when DNA damage is repaired, thus
forming a feedback loop.
Cells themselves provide the most obvious form of biological
modularity by physically partitioning off biochemical reactions.
However, biochemical networks within cells also form modular
compartments isolated by spatial localization23, anchoring of
proteins to plasma membranes and by dynamics.
Cells also provide redundancy, with many autonomous units
carrying out identical roles. But redundancy also appears at other
levels by having multiple genes that encode similar proteins, or multiple networks with complementary functions. For example, Per1, Per2
and Per3 genes encode proteins in the circadian oscillator, but
knock-out of one or two of these produces no visible phenotype. The
Cln gene family form redundant pairs for the cell cycle24. The stringent
response of Escherichia coli activates alternative metabolic dynamics
depending upon the availability of lactose and glucose25.
Structurally stable network configurations increase insensitivity
to parameter changes, noise and minor mutations. For example,
elegant experiments on the archetypal genetic switch — the lambda
phage decision circuit — have shown it to be robust against changes
in binding affinity of promoters and repressors; its stable switching
action arises from the structure of its network, rather than the specific affinities of its binding site26. Additionally, a number of networks
for biological oscillations and transcriptional regulations have been
shown to be tolerant against noise (ref. 27; and see review in this issue
by Rao and colleagues, pages 231–237). But only computer
simulation could have shown the degree to which the gene regulatory
networks for segmentation during Drosophila embryogenesis
remain robust over a large range of kinetic parameters28,29.
The robustness of a system is not always to an organism’s
advantage. Cancer cells are extremely robust for their own growth
and survival against various perturbations. They continue to
proliferate, driven by the engine of the cell cycle, eliminating
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communication with their external environment, thus making it
insensitive against external perturbations. In addition, many anticancer drugs are rendered ineffective by the normal functioning of a
patient’s body, including defence systems such as the metabolism of
xenobiotics (most notably by cytochrome P450), the brain–blood
barrier, and the dynamics of gene regulatory circuits, which can
adjust the concentration of drug targets through feedback
mechanisms and redundancy. To establish treatments that move
patients from a stable but diseased state to a healthy one will require
an in-depth, system-level understanding of biological robustness.
Although the general principles of robust systems are well established, there remain a number of unresolved issues concerning their
evolution and execution in specific biological systems, and how they
can be manipulated or designed. Control theory has been used to
provide a theoretical underpinning of some robust systems, such as
adaptation through negative feedback21. However, this approach has
limitations. For example, current control theory assumes that target
values or statuses are provided initially for the systems designer,
whereas in biology such targets are created and revised continuously
by the system itself. Such self-determined evolution is beyond the
scope of current control theory.

No free lunch
Although robustness is critical in assuring the survival of a biological
system, it does not come without cost. Carlson and Doyle emphasize
the “robust, yet fragile” nature of complex systems exhibiting highly
optimized tolerance30,31. Systems designed or evolved to be robust
against common or known perturbations can often be fragile to new
perturbations.
Another view on the vulnerability of complex network comes
from a statistical perspective32–34. Comparative studies on robustness
of large-scale networks show that scale-free networks (also known as
‘small world’ or Erdös–Rényi networks) are more robust than
randomly connected networks against random failure of their components34. However, scale-free networks are more vulnerable against
malfunction of the few highly connected nodes that function as hubs.
Scale-free networks can form by growth such that new nodes are
connected preferentially to nodes that are already highly connected.
Barabasi and colleagues claim that protein–protein interaction
networks, which constitute the protein universe (see review in this
issue by Koonin and colleagues, pages 218–223), are scale-free32,35
and that mutations in highly connected proteins are more likely to be
lethal than are mutations in less-connected nodes33. Although they
estimated connectivity from yeast two-hybrid data, which are notoriously noisy, this hypothesis is intuitively attractive. For example, the
p53 protein is one of the most connected hubs in the protein universe,
and its mutations cause serious damage to cellular functions,
particularly in repair of DNA damage and tumour suppression36.
Nevertheless, some of the claims for scale-free networks are still
controversial37, and evidence for mechanisms leading to preferential
attachment in biological systems remains equivocal. Furthermore,
yeast two-hybrid assays produce many false-positive outcomes, and
the current hand-crafted pathway maps may be heavily biased
towards connection to functionally important genes simply because
these have been popular targets for research.
Even when these shortcomings are surpassed, such statisticsbased theories — despite providing insights on macroscopic properties of the network — will still have difficulty making predictions
about specific interactions. It is analogous to telling a stock-market
investor that “one in 50 companies will go bankrupt”, advice that is of
little help if you are unable to identify which one. The challenge for
statistical theories is to identify how they can be linked to specific
behaviours and so make useful predictions.

Design patterns of functional modules
Just as the principles behind robust networks can be classified into
several types, so too can the various functional circuits or modules
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from which they are assembled, such as genetic switches, flip-flops,
logic gates, amplifiers and oscillators. Good examples come from the
mechanisms of biochemical oscillations (see review in this issue by
Goldbeter, pages 238–245), which have been the focus of numerous
groups38–41. These studies have facilitated their classification into
several schemes, such as substrate-depletion oscillators, positive
feedback loops, the Goodwin oscillator and time-delayed negative
feedback oscillators41. Similar attempts have also been made for other
functional networks. Jordan and colleagues have identified various
examples of multitasking in signal transduction42; Bhalla and Iyengar
reported several circuits that may function as temporal information
stores (that is, memory devices)43; and Rao and colleagues have
uncovered several circuits that mitigate the effect of noise and exploit
it for specific functions (see review in this issue, pages 231–237).
Although these functional networks have analogues in electronic
and process engineering, they have been formed by evolution, which
makes it unlikely that any kind of ‘first principle’ underlies their
design. However, a set of principles can be envisaged and identified
through studying the structure and function of biological circuits,
and their origin at the system level44–46. What are their basic
functional building blocks? What are their dynamical properties and
operating principles? How has each module evolved? And how can
they be adapted or designed for alternative applications?
Recently, a systematic, high-throughput computational study
was carried out by Shen-Orr and colleagues, which identified common motifs in the gene regulatory networks of E. coli using the RegulonDB database47. They found that feed-forward loops, single-input
modules and dense overlapping regulons appeared frequently. While
this study only used a gene regulation database, this type of approach
can be augmented to include protein–protein and protein–DNA
interactions to systematically identify network design patterns from
large-scale data.
Such data, combined with function-driven identification of circuit
patterns, will allow the creation of a large repository of functional biological networks, so enabling the systematic analysis of design patterns
and their evolution. We already know of cases where the same circuit
patterns and homologous genes produce similar system behaviours,
but with unrelated physiological outcomes. We also know of cases
where the same circuit patterns use different sets of genes to attain
similar system behaviours, and where identical functions are achieved
with degenerate paths involving different circuit patterns and
different genes46. More systematic surveys will be needed to determine
how many evolutionary conserved circuits exist, in what functions
and how they relate to the evolution of genes. It may be that functional
circuits should be considered the units of evolution.

Systems drug and treatment discovery
The systems biology approach, with its combination of computational,
experimental and observational enquiry, is highly relevant to drug
discovery and the optimization of medical treatment regimes for individual patients. Although the analysis of individual single nucleotide
polymorphisms is expected to reveal individual genetic susceptibilities
to all forms of pathological condition, it may be impossible to identify
such relationships when complex interactions are involved.
Consider a hypothetical example where variations of gene A
induce a certain disease. Susceptibility relationships may not be
apparent if circuits exist to compensate for the effects of the variability.
Polymorphisms in gene A will be linked to disease susceptibility only if
these compensatory circuits break down for some reason. A more
mechanistic, systems-based analysis will be necessary to elucidate
more complex relationships involving multiple genes that may create
new opportunities for drug discovery and treatment optimization.
Computer simulation and analysis, along with traditional bioinformatics approaches, have frequently been proposed to significantly
increase the efficiency of drug discovery48–50. At present, empirical
ADME/Tox (absorption distribution metabolism excretion/toxicity)
and pharmacokinetic predictions have been used with some success.
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For example, a human intestinal absorption model based on
correlations between the passive permeation measurement of over
300 compounds and known structural features, such as hydrogen-bond
donors, hydrogen-bond acceptors and molecular weight, has been used
to predict the absorption of novel compounds by the human intestine51.
However, such models are not easily converted for use in other
situations and they often require extensive data sets in order to address
specific questions. What is needed are reliable, mechanism-based
ADME/Tox and pharmacokinetic models52–56, built on molecular-level
models of cells, that are more easily transferable and accountable than
are traditional, empirical, quantitative structure–activity relations.

Scaling up
So far, most systems biology simulations have tended to target relatively
small sub-networks within cells, such as the feedback circuit for bacteria
chemotaxis20,21, the circadian rhythm57,58, parts of signal-transduction
pathways43,59, simplified models of the cell cycle7,60,61 and red blood
cells62–64. Notable larger simulations have attempted to model bacterial
metabolic networks for analysis of metabolic control62,63 and flux
balance8,65, but these deal with steady-state rather than dynamic behaviour. Recently, research has begun on larger-scale simulations. At the
level of the biochemical network, simulation of the epidermal growth
factor (EGF) signal-transduction cascade has been carried out. The
simulation involves over 100 equations and kinetic parameters and will
be used to predict complex behaviours of the pathway, as well as to identify roles of external and internal EGF receptors59. The physiome project
is an ambitious attempt to create virtual organs that represent essential
features of organs in silico66,67. Simulation of the heart was one of the
early attempts in this direction, integrating multiple scales of models
from genetics to physiology68. Even whole-patient models for specific
disease, such as obesity and diabetes, are being developed for prediction
of disease development and drug discovery.
Building a full-scale patient model, or even a whole-cell or organ
model, is a challenging enterprise. Multiple aspects of biological
processes have to be integrated and the model predictions must
be verified by biological and clinical data, which are at best sparse
for this purpose. Integrating heterogeneous simulation models is a
non-trivial research topic by itself, requiring integration of data of
multiple scales, resolutions and modalities.
Simulation often requires integration of multiple hierarchies of
models that are orders of magnitude different in terms of scale and
qualitative properties (for example, gene regulations, biochemical
networks, intercellular communications, tissue, organ and patient).
Although some processes can be modelled by either stochastic computation or differential equations alone, many require a combination of
both methods. But some biochemical processes take place within a
millisecond whereas others can take hours or days. Additionally,
biological processes often involve the interaction of different types of
process, such as biochemical networks coupled to protein transport,
chromosome dynamics, cell migration or morphological changes in
tissues. Although biochemical networks may be reasonably modelled
using differential equations and stochastic simulation, many cell
biological phenomena require calculation of structural dynamics,
deformation of elastic bodies, spring-mass models and other physical
processes.
Nevertheless, development of precision models and their
applications to ADME/Tox models are expected to revolutionize the
process of drug discovery by providing a capability for multipletarget identification and high-throughput virtual screening of
compounds. Furthermore, target identification using cellular
models may provide desirable structures for candidate compounds
by applying multiple constraints to parallel virtual screening54,
rationalizing drug discovery into a more systematic process (Fig. 1).

Systems therapy
Surpassing its scope for efficient improvements in the current
paradigm of drug discovery and treatment, the introduction of a
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system-oriented view may drastically change the way treatments are
conducted. Two somewhat speculative scenarios illustrate these
opportunities.
Consider a feedback compensation circuit involving a drug target
protein. Changes in the concentration of the protein resulting from
drug administration may be neutralized by feedback control. High
dosages of drugs will need to be administered to overcome this compensation mechanism, but this could produce serious side effects.
Alternatively, small dosages of drugs could mitigate the feedback
mechanism, so that the effect on the target protein will not be
neutralized. Considering the p53 system, if there is abnormal overexpression of MDM2 (a protein that regulates p53), simply increasing
p53 transcription may not restore the system to normal, as the excessive MDM2 protein will quickly ubiquitinate p53, targeting it for
destruction. Additionally, p53 itself transactivates MDM2.
MDM2 activity must be suspended or reduced to a normal level, at
least temporarily, to make p53 stimulation effective in inducing
cell-cycle arrest or apoptosis. The highly effective administration of
multiple drug regimes can be accomplished only with a system-level
analysis of the dynamics of gene regulatory circuits.
A far more futuristic approach proposes the introduction of
functional genetic circuits to control cellular dynamics in vivo (see
review in this issue by Hasty and colleagues, pages 224–230). Already,
a set of basic functional circuits, such as oscillators and toggle
switches, has been constructed and its viability confirmed in E. coli
(refs 69–71; and see review by Hasty and colleagues). Computer
simulation and comprehensive analysis will be needed to ensure that
such circuits function as intended and do not result in significant
side-effects. In the future, perhaps a genetic circuit can be devised to
sense the level of p53 protein when DNA is damaged and switch on
circuits to further increase transcription of p53.
The application of systems biology to medical practice is the
future of medicine. Its realization will see drug discovery and the
design of multiple drug therapies and therapeutic gene circuits being
pursued just as occurs now with modern, complex engineering products — through iterative cycles of hypothesis and simulation-driven
processes (Fig. 1). Although the road ahead is long and winding, it
leads to a future where biology and medicine are transformed into
precision engineering.
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the mRNA X and mRNA Y corresponding to
protein X and protein Y, respectively. Although
protein X and protein Y are coordinated for all
four motifs in Fig. 3, this is not the case for their
mRNA levels. This can be explained by the disparate time scales of mRNA and protein. Fastdegrading mRNA may exhibit fluctuations with
a broad frequency bandwidth. Conversely, slow
degradation of proteins filters out fast fluctuations but keeps slow fluctuations. Constitutively
expressed mRNA X has both fast and slow fluctuations, but protein X only transmits the slow
fluctuations downstream. The result is that the
dynamics of mRNA X and mRNA Y are dominated by uncorrelated fast fluctuations, which
overshadow their correlated slow fluctuations. On
the other hand, protein X and protein Y only
contain the better-correlated slow fluctuations.
That is, two mRNA species can be mostly uncorrelated with one another, yet produce protein
in a coordinated fashion. Gandhi et al. (18) observed such a circumstance in budding yeast,
when they found very little correlation between
pairs of transcripts that encode coordinated proteins of the same protein complex, including proteasome and RNA polymerase II subunits. They
even found correlation lacking in two alleles of
the same gene. In a related study, Taniguchi et al.
(27) analyzed more than 1000 genes in E. coli
and measured both mRNA and protein copy
numbers in single cells. They found that for most
genes, even the numbers of mRNA and protein
molecules were uncorrelated. These studies suggest that understanding of regulatory phenomena
requires one to consider regulation at both the
mRNA and the protein level.

From these studies, it is now clear that variability in single-cell measurements contains a
wealth of information that can reveal new insights into the regulatory phenomena of specific
genes and the dynamic interplay of entire gene
networks. As modern imaging techniques begin
to beat the diffraction limitations of light (28) and
flow cytometers become affordable for nearly
any laboratory bench (29), we find ourselves in
the midst of an explosion in single-cell research.
With the advent of single-cell sequencing (30, 31),
it might be possible to determine the full transcriptome of many single cells in the near future
and to determine the full expression distributions
and correlations for all genes in the genome. We
expect that the approaches described in this review, which have been pioneered with the model
microbial systems, will be readily applied to mammalian cells and tissues (32, 33).
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Computational approaches are breaking new ground in understanding how embryos form. Here,
we discuss recent studies that couple precise measurements in the embryo with appropriately
matched modeling and computational methods to investigate classic embryonic patterning
strategies. We include signaling gradients, activator-inhibitor systems, and coupled oscillators,
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of the system at a level of detail that is both useful and tractable. Once formulated, the second
step is to analyze the theoretical model. If the
model is sufficiently tractable, it may be possible

www.sciencemag.org

SCIENCE

VOL 336

10

1 0 10

01

SPECIALSECTION

12. J. Peccoud, B. Ycart, Theor. Popul. Biol. 48, 222
(1995).
13. T. B. Kepler, T. C. Elston, Biophys. J. 81, 3116 (2001).
14. J. M. Raser, E. K. O’Shea, Science 304, 1811 (2004).
15. A. Raj, C. S. Peskin, D. Tranchina, D. Y. Vargas, S. Tyagi,
PLoS Biol. 4, e309 (2006).
16. V. Shahrezaei, P. S. Swain, Proc. Natl. Acad. Sci. U.S.A.
105, 17256 (2008).
17. S. Iyer-Biswas, F. Hayot, C. Jayaprakash, Phys. Rev. E Stat.
Nonlin. Soft Matter Phys. 79, 031911 (2009).
18. S. J. Gandhi, D. Zenklusen, T. Lionnet, R. H. Singer,
Nat. Struct. Mol. Biol. 18, 27 (2011).
19. L.-H. So et al., Nat. Genet. 43, 554 (2011).
20. R. Z. Tan, A. van Oudenaarden, Mol. Syst. Biol. 6,
358 (2010).
21. S. L. Bumgarner et al., Mol. Cell 45, 470 (2012).
22. L. M. Octavio, K. Gedeon, N. Maheshri, PLoS Genet. 5,
e1000673 (2009).
23. J. M. Pedraza, A. van Oudenaarden, Science 307,
1965 (2005).
24. N. Rosenfeld, J. W. Young, U. Alon, P. S. Swain,
M. B. Elowitz, Science 307, 1962 (2005).
25. J. Stewart-Ornstein, J. S. Weissman, H. El-Samad,
Mol. Cell 45, 483 (2012).
26. M. J. Dunlop, R. S. Cox III, J. H. Levine, R. M. Murray,
M. B. Elowitz, Nat. Genet. 40, 1493 (2008).
27. Y. Taniguchi et al., Science 329, 533 (2010).
28. B. Huang, M. Bates, X. Zhuang, Annu. Rev. Biochem. 78,
993 (2009).
29. L. Bonetta, Nat. Methods 2, 785 (2005).
30. T. Kalisky, P. Blainey, S. R. Quake, Annu. Rev. Genet. 45,
431 (2011).
31. F. Tang et al., Nat. Methods 6, 377 (2009).
32. S. Itzkovitz et al., Nat. Cell Biol. 14, 106 (2012).
33. P. Dalerba et al., Nat. Biotechnol. 29, 1120 (2011).
34. B. Munsky, M. Khammash, J. Chem. Phys. 124,
044104 (2006).
35. D. T. Gillespie, J. Phys. Chem. 81, 2340 (1977).
Acknowledgments: This work was funded by the National
Science Foundation (ECCS-0835623) and a NIH Pioneer award
(1DP1OD003936).
10.1126/science.1216379

to understand its behavior with “pencil-andpaper” analysis and compare this analytical solution directly with experimental data. Very often,
however, the number of variables and the complexity of their interactions preclude this approach, and the behavior of models must be solved
or simulated by using computers in order to be
understood and compared with data. This combined approach, which we refer to as computational biology, has become popular recently with
the availability of powerful computers and increasingly sophisticated numerical algorithms.
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In this Review, we hope to introduce scientists
familiar with computational methods (geeks) to a
selected set of interesting developmental problems
(Fig. 1) and to illustrate to developmental biologists
(nerds) a selected set of powerful tools. We focus on
recent studies investigating four developmental
patterning strategies: (i) gradients of signaling molecules released from localized source cells that
guide global patterns across target cell populations
(Fig. 1A). This external control contrasts with selforganizing strategies within the cell population that
use local interactions, such as (ii) activator-inhibitor
mechanisms (Fig. 1B) and (iii) the synchronization
of cellular oscillations (Fig. 1C). (iv) Mechanical
deformations can also change the pattern of a cellular population (Fig. 1D). Although models are
often useful in explaining and predicting developmental phenomena, the eventual fate of a given
model is to be proven wrong and then modified or
replaced, as illustrated in the companion article on
cell polarity by Mogilner and colleagues on page
175 of this special issue. Perhaps the greatest impact
of computational approaches in developmental
biology right now is to force hypotheses to be precisely stated and to stimulate corresponding new
quantitative experiments to test them.
Patterning with Signaling Gradients
Morphogens are diffusible signaling molecules
that can activate target genes in a concentrationdependent manner. During development, morphogen gradients are established across tissues,
diffusing away from localized sources (Fig. 1A). It
has been proposed that cells read morphogen
levels to determine their position within the tissue
and differentiate accordingly (6), and there is good
evidence that morphogen gradients can direct
cell differentiation in target cells. How these gradients are formed, and whether they are sufficient
to control differentiation in very precise domains,
are open questions that have benefited from computational approaches.
An important model system for studying these
questions is the early embryo of the fruit fly Drosophila, in part because its geometry and symmetry
simplify description and quantitation (Fig. 2A).
One of the maternally deposited cues that breaks
the symmetry along the embryo’s long axis is bicoid
mRNA, which is present only in the anterior pole.
Bicoid protein is translated and transported (7),
creating within an hour an exponentially decreasing concentration gradient over several hundred
micrometers along the embryo’s axis. This gradient
directs the formation of precise domains of four
target genes—among them hunchback—that establish the first segments of the future fly body (Fig.
2A). Given the stochastic nature of gene expression,
discussed in the companion article by Munsky
and colleagues on page 183 of this special issue,
morphogen concentration is expected to fluctuate,
both over developmental time and from one individual to another. The stunning precision in the
position of the boundaries of the segmented out-
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example, Bicoid and Hunchback levels. An elegant
computation by Tkačik and Walczak used existing precise measurements of morphogen levels
(11) to estimate the mutual information between
Bicoid and Hunchback (12). On the basis of their
result, they argued that if similar results hold for
the other target genes under Bicoid control, the
combined information conveyed by the four genes
would be enough so that each of the roughly 100
rows of nuclei could unambiguously determine its
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sion data for the other target genes in the system
will be necessary. Thus, information theory is emerging as a potentially powerful tool to quantify information transmission in developmental GRNs.
As yet, it is unclear whether the bicoid gradient is
sufficiently precise to instruct the precise boundaries of its target gene domains, or whether other
mechanisms are necessary, but computational biology has a central role in this discussion.
Patterning with Activator-Inhibitor Systems
Cells in a morphogen gradient use the local level
of an externally provided signal to produce patterns (Fig. 1A). However, patterns such as spots
and stripes can arise spontaneously from entirely
local interactions. In 1952, Alan Turing proposed
a reaction-diffusion (RD) mechanism to explain
spontaneous pattern formation without signaling
gradients (13). Specifically, he considered two
diffusing chemical components, an activator and
an inhibitor (Figs. 1B and 3A). By self-activation,
the activator can locally increase its concentration
(Fig. 3A). The activator in that region produces
the inhibitor, which suppresses the activator in
surrounding space because of faster diffusion. As
a result, local peaks of activator self-organize from
the almost homogeneous starting state, leading to
the spontaneous formation of spatial patterns, such
as stripes and spots in a two-dimensional (2D)
space (so-called Turing patterns) (Fig. 1B).
Subsequently, RD systems have been considered to play important roles in spontaneous
pattern formation (14, 15). Although spatial structures very similar to simulated Turing patterns
have been observed in development, until recently there was scant evidence showing that the
Turing mechanism causes these structures. Indeed, conceptually elegant RD models of the
Drosophila segmentation process introduced above
proved to be entirely wrong (16), and this failure
may even have left some developmental biologists
wary of further theoretical efforts. However, identification of interaction rules and key molecular
components in several putative RD systems (17, 18)
now suggests the potential of a long-awaited experimental verification of these ideas.
Skin pattern formation in fish has long been
a candidate for patterning by use of the Turing
mechanism (19). To identify key interaction rules
in the system, Nakamasu et al. studied stripe formation in zebrafish skin (20). These black and
yellow stripes are self-organized over 3 weeks by
local interactions between black and yellow pigment cells, which fulfill the condition for Turing
patterns (Fig. 3B). To confirm that the experimentally observed interactions between pigment
cells can generate stripes, the authors first used
deterministic partial differential equations to model cellular dynamics. However, because the width
of each stripe in zebrafish is only ~10 cells,
Nakamasu et al. pointed out that stochastic effects
caused by smaller cell numbers might prevent
stable stripe formation. In that situation, it would

13 APRIL 2012

Downloaded from http://science.sciencemag.org/ on December 21, 2016

01001001
10
01
1

189

190

13 APRIL 2012

VOL 336

SCIENCE

www.sciencemag.org

Downloaded from http://science.sciencemag.org/ on December 21, 2016

be a better formulation to explicitly
A
B
describe stochastic behaviors of each
Ligand
Coupling
Ligand
single pigment cell, such as birth, moveprotein
gene
ment, and cell death. The authors developed a cellular automaton-based
Cyclic
protein
model (Fig. 3C) that includes the observed pigment cell interactions to
Cyclic
gene
study the robustness of stripe patterns
Notch
Coupling
against stochastic effects. Although
receptor
such detailed models usually include
Cell A
Cell B
Cell A
Cell B
several parameters not measured exProduction Degradation
perimentally, simulations of the cellIntrinsic
: mRNA level of cell B
Coupling
based model produced patterns similar
frequency
: protein level of cell B
to those obtained by the deterministic
: ligand level of cell B
model and observed on the zebrafish
: phase of cell A
: ligand level of cell A
skin. Combining investigations of the
molecular and cellular basis of the
Phase oscillator model
Gene regulatory network (GRN) model
cellular-level interaction rules (21) with
further theoretical studies should reveal
whether this is indeed a Turing system. Fig. 4. Patterning with genetic oscillations. (A) Cyclic gene expression oscillates in individual cells because of a
Gradient patterning strategies can negative feedback loop, and oscillations are coupled to neighbor cells through the Notch pathway. (B) The mutual
also be formulated as RD systems be- effects of cellular oscillators can be described by models of coupled phase oscillators.
cause gradients can arise from diffusion of morphogens, and the pattern emerges due to of this synchronization hypothesis has been studied time delays in the coupling function of a phase osreactions that involve these morphogens. However, by using GRN models showing that the Delta- cillator model. This delayed coupling theory made
the different length-scales involved in activator- Notch mechanism described above could keep the prediction that changing the coupling strength
inhibitor systems give rise to qualitatively different neighboring cells oscillating in synchrony (26, 27). could change the clock period and motivated the
Given the previously mentioned difficulty of study of the dynamics of Notch mutants. Quantipatterns, which are local in nature. This is an example of how very different developmental pattern- determining GRN parameters from embryos (28), tative time-lapse measurements of segmentation
ing strategies can be described by using similar an alternative and complementary model formu- period and analysis of clock gene-expression patmodel formulations.
lation is to use an effective theory with variables that terns in mutants matched the theoretical predictions
represent processes for which there is a particular and so identified the first candidates for segmenPatterning with Genetic Oscillations
interest or a possibility of experimental compar- tation clock period mutants (31).
Although these studies have revealed some
The growing body axis of all vertebrate embryos is ison. For the segmentation clock, this approach has
rhythmically and sequentially subdivided into seg- been applied to investigate the synchronization hy- surprising insights into the segmentation clock’s
ments. For example, in the zebrafish embryo the pothesis by using theories based on coupled phase dynamics, most quantitative data used to test
multicellular segments are ~50 mm long and form oscillators (Fig. 4B). In a phase oscillator model, the models have come from static images (28, 31),
with a periodicity of 30 min. Inspired by such clock- variables corresponding to oscillating molecular and the desynchronization of the clock has not
like regularity, Cooke and Zeeman proposed the species are substituted by a single variable: the phase been directly observed. The advent of new techClock and Wavefront model in 1976 (22). In this of the oscillation cycle, which advances in time with niques to observe cyclic gene expression in vivo
model, a biological clock ticks at the posterior of the a given intrinsic frequency. The effect of Delta- (32) will allow key assumptions of the existing
elongating embryo, and the distance advanced by a Notch signaling is captured by a coupling function models to be directly tested.
wavefront along the embryonic axis during a cycle that speeds up or slows down a cellular oscillator
of the clock sets the length of a forming segment. depending on the phase of neighboring cells. Phase Patterning with Mechanical Deformations
More than 20 years later, the model was revived oscillator models do not offer direct insight about We complete our roster of patterning mechanisms
with the discovery of genetic oscillations in the chick dynamics of individual molecular species, but their with a recently discovered case driven by tissue
embryo (23). This segmentation clock appears to be simplicity allows powerful insights about system- deformations. An apparently simple behavior for an
a tissue-level rhythmic pattern generator (24), in level dynamics from paper-and-pencil analysis. epithelial sheet is to elongate along one axis while
which a population of progenitor cells behave as Furthermore, they allow a direct fit to experimental shrinking along the orthogonal axis. During Drocoupled oscillators, self-organizing a collective data relying on a few coarse-grained parameters sophila development, the wing blade epithelium
stretches into the familiar elongate wing shape, and
rhythm through mutual synchronization (Fig. 1C). such as the period of the oscillations (29).
A clue to the existence of such a synchronized
Using a phase oscillator model, the synchroni- each of the hairs protruding from the wing cells
cell population came from zebrafish mutants that zation problem of the segmentation clock was for- points distally—an example of planar cell polarity
disrupt Delta-Notch intercellular signaling, in which mulated as a competition between noise and the (PCP) patterning (Fig. 5A). Although proximocoherent oscillations and segmental patterning intercellular coupling that keeps cells in synchrony distal gradients of PCP pathway components have
are gradually lost (25). The current hypothesis is (30). Together with quantitative experimental dis- been observed, they are not sufficient to produce
that in the wild-type embryo, Delta ligands under ruptions of Notch signaling in zebrafish, the mod- the final wing hair polarity (33). Examination of
the control of a single-cell oscillator activate Notch el allowed estimation of the noise level and coupling cell shapes and trajectories from time-lapse movies
receptors in the membrane of neighboring cells, strength relevant for the tissue-level synchrony of shows that sharp contraction of the neighboring
and these receptors coordinate oscillating gene the clock. Coupling involves the new synthesis of hinge region exerts anisotropic tension on the wing
expression in the receiving cell (Fig. 4A). With- Delta ligand every cycle (Fig. 4A), and to repre- blade (34). Over a period of 15 hours, the blade
out Delta-Notch signaling, the single cells’ oscil- sent the anticipated duration of the ligand-receptor deforms with a shear gradient arising from the cellations gradually lose synchrony. The plausibility mechanism, Morelli et al. (29) included explicit lular flow in the tissue.
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Fig. 5. Patterning by mechanical deformation. (A) Overview of Drosophila wing development during
pupariation, when the wing blade elongates and proximo-distal planar polarity is established. (B)
Schematic of the vertex model used to calculate stable cell-packing geometries.
Aigouy et al. explored the role of tissue shear
in aligning the axis of cellular polarity with the
proximo-distal axis of the wing blade by formulating a 2D vertex model of epithelial cell shape
(Fig. 5B) (35), incorporating an effective description of the local recruitment of complementary PCP
molecules to apposing cell boundaries (34). This
new model predicts that polarity is reoriented by
local rotation and cell flow–induced shear. Simulations show that shear associated with oriented cell
division, proximo-distal cell elongation, and cell rearrangement also contribute to the alignment of cell
polarity with the long axis of the wing. Future work
can investigate how the 3D baso-lateral surfaces of
the epithelial cells in the wing affect this description,
and how the PCP protein complexes involved dynamically reorganize during cellular rearrangement.
Thus, remarkably the final planar cell polarity of the
completed wing may be a direct consequence of the
externally applied stresses responsible for its extension, via simple physical rules such as those that
determine molecular polarity in liquid crystals (36).
In this Review, we have mainly discussed
chemical aspects of pattern formation as separate
from downstream mechanics of morphogenesis
(37, 38). Turing already wondered whether a closer
linkage might be at work (13), and it seems timely
to reconsider development as having integrated
mechanochemical aspects (39). For example, motivated by recent findings on cell cortex dynamics
in the nematode Caenorhabditis (40), Bois et al.
studied pattern formation in an active fluid in which

mechanical contraction causes the flow of reactive
chemical species (41). This theoretical analysis
showed that an active fluid extends the parameter
space in which classical Turing systems generate
spatial patterns. To what extent continuous feedback between chemical and mechanical processes
also underlies tissue-level phenomena in development is not yet clear, but it may be widespread.
Outlook
With the wide range of approaches in use, how
should the developmental biologist select the appropriate modeling and computational methods?
And where should the computational scientist dig
for interesting problems in the vast field of developmental biology? Previous reviews have given multiple examples and advice (1–5). Here, we argue
that the first step is key: The level of description
and model type should be matched to the best
available data. The data should be quantitative, accurate, and precise, and the model should make
falsifiable predictions. Although some researchers
are fluent in both domains, most often a successful
computational approach to developmental biology will involve a long-term dialogue between experts across disciplinary boundaries. As advances
in imaging and molecular methods increase experimental resolution and complexity, corresponding theoretical and computational developments
will be required to assemble the puzzle. This codependence should generate a wealth of new opportunities for geeks and nerds alike.
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Many complex behaviors in biological systems emerge from large populations of
interacting molecules or cells, generating functions that go beyond the capabilities of
the individual parts. Such collective phenomena are of great interest to bioengineers due
to their robustness and scalability. However, engineering emergent collective functions
is difficult because they arise as a consequence of complex multi-level feedback,
which often spans many length-scales. Here, we present a perspective on how some
of these challenges could be overcome by using multi-agent modeling as a design
framework within synthetic biology. Using case studies covering the construction of
synthetic ecologies to biological computation and synthetic cellularity, we show how
multi-agent modeling can capture the core features of complex multi-scale systems
and provide novel insights into the underlying mechanisms which guide emergent
functionalities across scales. The ability to unravel design rules underpinning these
behaviors offers a means to take synthetic biology beyond single molecules or cells
and toward the creation of systems with functions that can only emerge from collectives
at multiple scales.
Keywords: synthetic biology, multi-agent modeling, systems biology, emergence, multi-scale, bioengineering,
consortia, collectives

INTRODUCTION
Many living organisms have evolved traits to exploit the capabilities that emerge from large
interacting populations of molecules or cells, which go beyond those of the individual elements.
From bacteria forming biofilms to fight antibiotic treatments to synchronizing their behaviors
through quorum sensing during disease, emergent collective behaviors are pervasive in biology.
Likewise, the engineering of emergent collective behaviors could offer an intriguing path to artificial
biosystems with improved reliability, robustness and scalability. However, current approaches
to biological design are ill-equipped for this task as they tend to focus on a single level of
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Here, we aim to highlight some of the key areas of synthetic
biology where multi-agent modeling offers a unique way to
tackle longstanding problems (Figure 1B). While the examples
we cover are diverse, they all share a core characteristic: the
emergence of behaviors in the systems cannot be explained by
looking solely at their basic parts in isolation. This essence
makes such systems special yet difficult to engineer via traditional
means. We propose to extend bioengineering methods to
encompass principles gleaned from multi-agent models and
use them to guide the design of synthetic biological systems
displaying emergent phenomena. We end by discussing some
of the practical challenges when using multi-agent modeling
in synthetic biology and future directions for the marriage
of these fields.

organization and ignore potential feedbacks between different
aspects/levels of a system. A common example is the design of
transcriptional gene regulatory networks where it is assumed
that the function of the entire system can be understood solely
by the steady state input-output transcriptional response of
genetic devices (Nielsen et al., 2016). While this simplification
is useful and powerful in some cases, if the genes regulated
link to metabolic processes there is a chance that feedback
via metabolism could break circuit function. Focusing
purely on transcriptional networks makes it impossible to
capture such behaviors.
In physics, great strides have been made through techniques
from statistical mechanics to understand emergent phenomena.
These include the Ising model used to capture magnetic phase
transitions (Taroni, 2015) and the application of renormalization
to understand how physical and biological constraints might
underpin scaling laws that guide evolution (West et al., 2002;
Kempes et al., 2019). There has also been growing interest
over the past few decades in the field of complexity theory
(Nicolis and Prigogine, 1989) and whether laws might exist
that govern self-organization and emergence across diverse
types of complex system composed of many interacting parts
(Prigogine and Nicolis, 1985; Ashby, 1991; Goldstein, 1999;
West et al., 2002).
An approach to capture and explore the emergent features
of complex systems is multi-agent modeling (also termed
agent-based or individual-based modeling) (Hellweger et al.,
2016). This considers key components of a system as explicit
entities/agents and allows for large and diverse interacting
populations of these (Figure 1A). Specifically, a multi-agent
model consists of autonomous agents that represent the
lowest level components of the system. Common types of
agent in biological systems include molecules, cells and whole
multicellular organisms. Each agent is assigned a specific set
of rules governing how it interacts with other agents and the
local environment. The way these rules are modeled is flexible
with the option to use basic finite state-machines, Boolean
logic governing stimuli-response relationships, or more complex
representations like differential equation models (e.g., capturing
the biochemical reaction networks within a cell). Populations
of these agents are then placed in a simulated environment
that encompasses physical processes of relevance to the system.
In biology, this might include the diffusion of chemicals, the
flow of fluids, and the mechanical forces that cells can exert on
one another. Again, the way that these environmental processes
are modeled can vary, resulting in a final model that could
potentially combine stochastic, deterministic, dynamic, discrete
and continuous representations for different aspects of a system.
The integration of such diverse modeling approaches allows
for the most appropriate form of representation to be used
for each aspect and helps simplify the specification of the
multi-scale system, but often comes at the cost of reduced
analytical tractability. Even so, multi-scale modeling has been
shown capable of discovering some of the core ingredients
needed for collective behaviors to emerge (Hellweger et al.,
2016; Gorochowski and Richardson, 2017), but its use to date in
synthetic biology has been limited (Gorochowski, 2016).
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UNDERSTANDING THE EMERGENCE OF
LIFE
When considering emergent phenomena, the quintessential
example is the emergence of life. Putting aside the difficulty
of defining precisely what life is, the ability of living systems
to self-replicate and create order/information out of chaos is
an inspiration for many engineers. Bottom-up synthetic biology
attempts to build chemical systems that display life-like behaviors
using a minimal set of components. The hope is that these
simplified systems might help us understand how life emerged
from first principles.
One attempt to reach this goal has been via the synthesis of
artificial cells (protocells) with life-like properties. This requires
the ability to bridge length scales by harnessing molecular selfassembly to create micron-sized compartments (Bayley et al.,
2008; Li et al., 2014) and the intricate interactions between
molecules and enzymes to form biochemical reaction networks
(Hasty et al., 2002). The incorporation of these reaction networks
within protocells has also been demonstrated (Adamala et al.,
2017; Joesaar et al., 2019) and although chemically simple,
such systems display an array of dynamical behaviors including
pattern formation (Niederholtmeyer et al., 2015; Zadorin et al.,
2017) and replication via controlled growth and division (Chen
et al., 2004). By combining these systems with additional chemical
modules and parts, this may offer a route to creating other key
behaviors of living systems.
Building on these capabilities, functionalities can be scaled
further by constructing systems composed of populations of
protocells or through interacting natural and artificial cellular
communities (Lentini et al., 2014; Adamala et al., 2017; Tang
et al., 2018). While such extensions offer a promising platform
for probing emergent behaviors using simple self-contained
chemical units, it is difficult to know what parameters to
engineer into these systems and the level of complexity required
to drive a desired collective behavior. This is where multiagent modeling, in combination with more traditional models
of chemical reaction systems, could lead to a quantitative
understanding of the key elements needed for the emergence of
life-like behaviors. In particular, multi-agent models would allow
for the rapid exploration of potential systems using physically
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FIGURE 1 | Multi-agent modeling can support the design of emergent collective functions in synthetic biology. (A) Key components of a multi-agent model.
Populations of autonomous agents following user-prescribed rules are placed in a virtual environment that simulates relevant physical processes (e.g., physical
collisions, chemical diffusion, movement, and fluid flows). Simulations of multi-agent models can be used to derive design principles that capture the basic
ingredients (e.g., specific patterns of interactions) needed for a particular emergent behavior. (B) Potential applications of multi-agent modeling within synthetic
biology and the underlying agents (bottom, dashed boxes) used to generate specific emergent collective behaviors: (top left) exploring how to create life-like
behaviors from basic chemical components with sender protocells (blue) able to spatially propagate a signal to receiver protocells and bacteria (gray when inactive,
red when active) using a small diffusive chemical (small blue dots); (top middle) understanding the developmental programs used during morphogenesis as a step
toward the creation of synthetic multi-cellular life; (top right) improving scale-up of microbial fermentations by accounting for heterogeneity across a bioreactor and
designing engineered microbes able to robustly function under these conditions.

rules for how a protocell’s chemical state will change over
time. These can then drive simulations of accurate protocell
behaviors in a multi-agent model to explore the specific
combination of reactions required for the emergence of
higher population-level functionalities. This two-way cycle of
development would be difficult, if not impossible, when using
natural cells where complex evolutionary baggage masks those
features essential for emergence.

realistic parameters until the right combination of parts was
found that resulted in a desired emergent functionality.
Historically, mathematical models developed using
differential equations have proved effective for understanding
the dynamics of minimal chemical systems (Rovinskii and
Zhabotinskii, 1984) and are widely and successfully used
for modeling all types of biological system (Ellner and
Guckenheimer, 2011; Raue et al., 2013). Furthermore, the
application of bifurcation analysis to these dynamical models
enables the rigorous characterization of emergent phenomena
such as bi-stability, symmetry breaking, non-linear oscillations,
chaos, and pattern formation (Kuznetsov, 2004). However,
while it is possible to use partial differential equations (PDEs)
to capture spatial aspects of a system, the high levels of
heterogeneity in the complex environments of many biological
system (e.g., cellular tissues) and the ability of both agents and
the rules to change over time, can make practical use of PDEs
a challenge (Hellweger et al., 2016; Perez-Carrasco et al., 2016;
Glen et al., 2019).
In comparison, multi-agent modeling is able to explicitly
capture such variation and consider simplified rules to express
internal chemical reactions altering specific characteristics
of each component. Due to the chemical simplicity and
programmability of minimal protocells, this abstraction is a good
fit, allowing iterative refinement of model and experimental
system. For example, due to the limited number of possible
chemical reactions present in a minimal system, comprehensive
direct measurements can be made to create highly predictive
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DISTRIBUTED COMPUTATION DURING
DEVELOPMENT
Living cells continually monitor their environment and adapt
their physiology in order to survive. This requires the processing
of information gathered from sensors to make suitable changes
to gene expression. Synthetic biology enables us to reprogram
cells by writing our own genetic programs to exploit the
cells’ computational capabilities in new ways (Greco et al.,
2019; Grozinger et al., 2019). So far, the majority of research
in biological computation has revolved around the concept
of genetic circuits and attempted to repurpose tools and
methodologies from electronic circuit design (Nielsen et al., 2016;
Gorochowski et al., 2017) and automatic verification (Dunn et al.,
2014). While this approach has enabled the automated design
of cellular programs able to perform basic logic, much of the
information processing in native biological systems is distributed,
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et al., 2019). Using this approach, multi-agent models have been
used to help understand metastasis (Waclaw et al., 2015) and
show that cancer cells with stem cell-like properties can be a key
determinant in cancer progression with fatal consequences (Scott
et al., 2016, 2019).
Beyond understanding the emergence of some diseases, multiagent models can also identify novel ways of fixing their
dynamics by considering how to disrupt cellular behaviors,
and their interactions in space and time (Waclaw et al., 2015;
Gallaher et al., 2018). Treatments themselves can even be
designed to have collective emergent properties. For example,
bacteria have already been engineered to use quorum sensing
to trigger their delivery of drugs (Din et al., 2016) or they
can be controlled using magnetic fields to penetrate cancerous
tissue (Schuerle et al., 2019). Other collective behaviors used in
cancer nanomedicine include self-assembly of nanoparticles to
anchor imaging agents in tumors, disassembly of nanoparticles
to increase tissue penetration, nanoparticles that compute the
state of a tumor, nanoparticle-based remodeling of tumor
environments to improve secondary nanoparticle transport,
or nanoparticle signaling of tumor location to amplify the
accumulation of nanoparticles in tumors (Hauert et al., 2013;
Hauert and Bhatia, 2014).
The emergent properties inherent in many diseases, and
the potential to harness such behaviors for new treatments,
highlight the need for multi-scale modeling tools. Moreover, with
the rapidly expanding field of “systems medicine,” integrated
modeling pipelines able to predict multi-scale disease dynamics
and assess novel synthetic biology treatments via large-scale
simulation and machine learning are positioned to revolutionize
many areas of medicine (Stillman et al., 2020).

relying on collective decision making (e.g., quorum sensing) and
interactions between large numbers of cells.
This feature is most evident in developmental biology where
robust genetic programs must ensure that a complex multicellular organism emerges from a single cell. Cell growth,
differentiation, migration and self-organization are coordinated
by a developmental program with dynamics at both the intraand inter-cellular levels. These enable the generation of precise
deterministic patterns from stochastic underlying processes
(Glen et al., 2019). In contrast to simple logic circuits, the
complexity of the molecular interactions and mechanical forces
underpinning these processes motivate the use of multi-agent
modeling to better understand how developmental programs
work in morphogenetic systems. In particular, multi-agent
models are able to capture the role of cellular heterogeneity,
proliferation and morphology, mechanical and environmental
cues, movement of cells as well as the integration of multiple
processes at diverse scales and the feedback between these
(Montes-Olivas et al., 2019). Such models have helped deepen
our understanding of early mammalian embryogenesis (Godwin
et al., 2017), as well as the formation of vascular networks (Perfahl
et al., 2017) and other complex structures and organs, including
the skin, lung (Stopka et al., 2019), kidney (Lambert et al., 2018),
and brain (Caffrey et al., 2014).
Although such work has provided insights into the
computational architecture of native developmental programs,
it has been difficult to apply this information to the creation
of de novo morphogenetic systems because of a limited toolkit
of parts available to build such systems. Synthetic biology may
help solve this issue by facilitating the engineering of simplified
multi-cellular systems (Velazquez et al., 2018) that implement
developmental programs encompassing distributed feedback
regulation (Ausländer and Fussenegger, 2016) and cell-to-cell
communication (Bacchus et al., 2012), to better understand
how these factors can be used to contribute to emergent
self-organization (Morsut et al., 2016).

CHALLENGES IN SCALING-UP
BIOTECHNOLOGY
The ability for synthetic biology to reprogram cellular
metabolisms offers an opportunity to convert cheap substrates
(or even waste) into valuable chemicals and materials via
microbial fermentation (Nielsen and Keasling, 2016). To make
this economically viable, large bioreactors are often used.
However, while our use of fermentation stems back millennia
(McGovern et al., 2004), we still struggle to reliably scale-up
many processes from shake flasks in the lab to industrial-sized
bioreactors (Lee and Kim, 2015).
A major reason for this problem is the increasing difficulty
and power consumption of mixing or aerating reactors as
their volume increases, causing pockets to form where nutrient
concentration, temperature, oxygen, pH and other factors differ
(Alvarez et al., 2005). As a microbe travels through the bioreactor,
it becomes exposed to a wide variety of environments, each
causing changes in its physiology. Because the path of each
cell is unique, a population of cells will display a wide variety
of physiological states. This differs from lab-scale experiments
where environments are well-mixed and homogeneous, and
causes predictions made from these conditions to significantly
deviate from those observed during scale-up.

COLLECTIVE PHENOMENA DRIVING
DISEASE
Many of the challenges treating diseases result from the
malfunction of emergent multi-cellular properties, be it
carcinogenesis (Deisboeck and Couzin, 2009; Ward et al., 2020),
viral infection (Jacob et al., 2004), bacterial biofilm formation
(Wu et al., 2020) or microbiome imbalances (Shreiner et al., 2015;
Kumar et al., 2019). Multi-agent modeling of these conditions has
helped demystify how the collective behavior of large numbers
of diverse cells and their interactions with each other and their
environment can lead to negative clinical outcomes.
Cancer is a complex multi-scale disease that includes
environmental factors, genetic mutations and clonal selection,
and complex interactions with the immune and vascular system.
As a result, computational models of cancer need to account
for many of these factors considering the heterogeneity and
interactions of single cells, yet contain sufficient numbers of
them to predict emergent phenomena at a tumor scale (Metzcar
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microbial communities (Kerényi et al., 2013). Furthermore, from
a synthetic biology perspective many of the tools needed to
engineer these systems already exist, e.g., biological parts able to
implement cooperation (Shou et al., 2007), signaling (Bacchus
et al., 2012), targeted death (Fedorec et al., 2019), and collective
decision making (e.g., quorum sensing).
Beyond engineering interactions between organisms, spatial
structure can also play a crucial role in the functionalities of
microbial communities. Multi-agent modeling has demonstrated
the significant impact that spatio-temporal organization can have
on soil microbes and the success of auxotrophic interactions
(Jiang et al., 2018). Such interactions are particularly important
for engineering minimal functional synthetic communities as
plant seed treatments and for vertical farming under defined
conditions. In this context, whether or not a single cell or
division of labor is the evolutionarily stable solution depends on
the metabolic flux through the system, with high flux favoring
division of labor (Kreft et al., 2020). Extending this modeling
approach further to consider the thermodynamics of microbial
growth and redox biochemistry could help ensure that resultant
systems are ecologically and evolutionarily stable (Zerfaß et al.,
2018). Alternatively, external control of the environment could be
used to forcibly maintain a desired community structure (Treloar
et al., 2020). In all cases, a combination of multi-agent modeling
and engineerable biological systems provides a unique means to
unravel how these complex systems function.
External feedback control has been proposed as another
approach to control of cellular communities. By employing realtime single cell measurements (e.g., by time-lapse microscopy or
flow-cytometry) and experimental systems able to send control
signals to the cells via optogenetics (Toettcher et al., 2011) or
chemical release in microfluidics (Menolascina et al., 2014),
a computer can monitor and signal to a population of cells
in order to maintain a desired behavior (e.g., the expression
rate of a protein). More recently, it has been proposed to
implement these control algorithms directly into cells, with the
key aim of distributing tasks among different strains (Fiore
et al., 2017; McCardell et al., 2017). Multi-agent modeling can be
instrumental in the design of robust feedback mechanisms across
multicellular populations, as it can reveal non-obvious effects of
cell density, proliferation dynamics and spatial constraints on the
effectiveness of control actions (Fiore et al., 2017).

Capturing the combined environmental and cellular
variability present in a large bioreactor is difficult using standard
differential-equation models. In contrast, multi-agent models are
able to explicitly capture and link gene regulation, metabolism,
and the cells’ local environment (Nieß et al., 2017; Haringa
et al., 2018), as well as differences between individual cells and
how cells change over time (González-Cabaleiro et al., 2017). In
particular, hybrid models in which continuous descriptions of
complex physical processes like fluid flows have been coupled
with multi-agent models to allow for the efficient simulation
of these systems. This approach can accurately predict the
emergence of population heterogeneity and overall production
rates and help guide bioreactor design to further improve yields
(Haringa et al., 2018). Some attempts have also been made to use
control engineering principles to design cellular systems able to
adapt to fluctuating environments (Hsiao et al., 2018). To date,
these attempts have mostly focused on the basic genetic parts and
regulatory motifs (e.g., negative feedback) needed to implement
control algorithms (Ceroni et al., 2018; Aoki et al., 2019; Pedone
et al., 2019; Bartoli et al., 2020). Moving forward, multi-agent
models offer a means to make simulations of these systems more
realistic by accurately capturing how individual cells and their
complex environment change over time.
Another challenge faced during large-scale fermentation is
the opportunity for mutants to arise or unwanted microbes
to contaminate a process and out-compete their engineered
counterparts (Kazamia et al., 2012; Louca and Doebeli, 2016).
Multi-agent models of these complex environments and local
competition when multiple types of organism are present, could
help support the development of evolutionarily stable strategies
(ESSs) that prevent the replacement of an engineered population
by competitors (Schuster et al., 2010).

ENGINEERING SYNTHETIC ECOLOGIES
At an even larger organizational level, synthetic biologists
have begun to explore how to engineer interactions between
communities to enable the future construction of synthetic
ecologies (Ben Said and Or, 2017). With climate change, pollution
and many other factors leading to the degradation of ecological
systems, understanding how these systems emerge and function
is crucial. Such knowledge would allow for effective restoration
strategies (Solé et al., 2015) and potentially offer means to
terraform other planets like Mars for future human inhabitation
(Conde-Pueyo et al., 2020).
These applications require an understanding of how diverse
organisms interact to create stable communities (Widder et al.,
2016). This is difficult because the interactions that take place
at the level of a population are governed by choices made
by single organisms (Kreft et al., 2017). By using multi-agent
modeling to rapidly test combinations of cell types, behaviors
and interactions, and synthetic biology tools to engineer realworld microbial communities, it might become possible to design
and test hypotheses regarding the principles for robust ecosystem
design. For example, multi-agent modeling has been used to help
understand how signaling and mutual cooperation can stabilize
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DISCUSSION
We have shown how multi-agent models can be applied to many
areas of synthetic biology. The core features of these models
provide insight into some of the basic building blocks and
mechanisms needed for collective behaviors to emerge and, we
believe, may offer a means to support the future predictive design
of collective behaviors.
A major hurdle to the widespread use of multi-agent
modeling is the need to define and simulate complex models
(Grimm et al., 2006). Although computational frameworks
have been available since the 1980s to support this process,
it is only during the past decade that tools have been
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tailored for synthetic biology applications and reached
sufficient performance (Gorochowski et al., 2012; Oishi
and Klavins, 2014; Goñi-Moreno and Amos, 2015). More
recently, the effective use of highly parallel computing
resources has expanded the complexity of biological models
that can be simulated (Rudge et al., 2012; Naylor et al.,
2017; Li et al., 2019; Cooper et al., 2020). Automated
coarse-graining of representations enable faster simulation
without impacting on the accuracy of predictions (Graham
et al., 2017), while advanced tools allow verification,
validation and uncertainty quantification for such simulations
(Richardson et al., 2020).
Improved simulations do not only speed up the time to
an answer but may open up opportunities to create new
types of computational design environments. For example,
high-performance models coupled to virtual reality allow for
multiple researchers to interactively manipulate a system and
immediately observe the outcomes of their design decisions.
Such capabilities have already begun to be used for molecular
design (O’Connor et al., 2018) and when coupled to machine
learning, offer a unique setting in which to explore complex
high-dimensional datasets that are common in biology. They
also allow for essential features to be distilled that can then be
used to guide predictive design. Furthermore, hybrid approaches
become possible where computational models dynamically
augment an experimental setup by controlling physical features
such as light (Rubio Denniss et al., 2019) or magnetism
(Carlsen et al., 2014). If agents within the experimental
system are responsive to these stimuli, then various forms of
interaction can be externally programmed and rapidly explored
to better understand the necessary conditions for a particular
collective behavior to emerge. Once a desired set of rules
for the interactions is found, the agents can be modified
to implement these autonomously, removing the need for
external control.
As synthetic biology moves beyond simple parts and circuits,
and toward large-scale/multicellular systems, the available
repertoire of design tools must also expand to support new
requirements. Multi-agent modeling is perfectly placed to
help make this leap and usher in new biological design
methods focused on the engineering of emergent collective
behaviors. Not only will this allow functionalities to span length
scales, but it will also provide a way to engineer across the

organizational levels of life through hierarchical composition of
multi-scale models, from basic molecules and cells through to
entire ecosystems.
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