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The principles and molecular mechanisms underlying biological pattern formation are difficult to elucidate in most

cases due to the overwhelming physiologic complexity associated with the natural context. The understanding of a

particular mechanism, not to speak of underlying universal principles, is difficult due to the diversity and uncertainty

of the biological systems. Although current genetic and biochemical approaches have greatly advanced our

understanding of pattern formation, the progress mainly relies on experimental phenotypes obtained from time-

consuming studies of gain or loss of function mutants. It is prevailingly considered that synthetic biology will come to

the application age, but more importantly synthetic biology can be used to understand the life. Using periodic stripe

pattern formation as a paradigm, we discuss how to apply synthetic biology in understanding biological pattern

formation and hereafter foster the applications like tissue engineering.

INTRODUCTION

Biological systems often form intricate spatiotemporal
patterns, such as zebra stripes, peacock feathers, leopard
spots,fish scales,flower petals etc. The biological process
that generates these ordered structures is termed“pattern
formation”[1]. It usually involves changes in gene
expression, cell movement, proliferation, and cell death,
intricately coordinated by multiple signaling mechanisms.
Pattern formation is a common interest of molecular
biologists, developmental biologists, synthetic biologists,
tissue engineers, system biologists, and theoretical
biologists. Understanding how these patterns arise from
the coordinated molecular responses is an outstanding
challenge to generations of scientists.
In the past decade, the synthetic biologists have made
great advance in bringing concepts of physics and
engineering into biology. Engineering cells to have
novel functions [2–7] is the major aim of synthetic
biology. However, the other important aim of thisfield,
“build life to understand it,”is increasingly emphasized
[8,9]. Biological patterns are traditionally studied via
either forward or reverse genetic approach. Applying

synthetic biology in investigation of principles of
biological pattern formation then would be a paradigm
shift. In this review, we will focus on periodic biological
patterns.

PERIODIC BIOLOGICAL PATTERNS AND
EXPERIMENTAL INVESTIGATION

The biological patterns anatomically often have repeated
units. For example man has 10fingers, 24 ribs, and 32
teeth. A spatial“periodic”pattern typically comprises
repeated units separated by orderly intervals. People can
easily see this periodicity in the patterns of zebra stripes,
peacock feathers,fish scales, Drosophila segments, and
vertebrate embryo somites. Periodicity also takes place
temporally, such as the contraction of our heart muscle,
and the oscillation of the harmonic motion [10].
The segmentation of the fruitflyDrosphila melanoga-
steris one of the major paradigms in the study of periodic
pattern. In the past three decades, about 40 genes have
been identified inD. melanogasterin the segmentation
process. These genes act in a cascade progressively
resulting in the subdivision of the anteroposterior (AP)
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axis [11,12] (see Figure 1 for details).
Somitogenesis, as an important developmental process
of vertebrate embryo, has been extensively studied
[14,15]. Somites are segments in embryo, particularly
blocks of cells surrounding a cavity structure [14]. The
somite appears rhythmically from the presomitic meso-
derm (PSM). PSM are two parallel bands of mesenchymal
tissue lying alongside the neural tube [14]. With a

temporal interval of 30 min in zebrafish, 90 min in
chicken, 120 min in mice, and around 4 h in humans,
somites are generated periodically along the AP axis [16].
Later on, these somites can develop into skeletal muscles,
dermis, and vertebrae. In past decades, much effort has
been made to uncover the pacemaker that drives the
oscillation of the cyclic gene expression. In chick embryo,
it has been shown thatfibroblast growth factor 8 (FGF8)

Figure 1. Drosophila melanogastersegmentation.(A) Maternal signals. A“ready mix”cytoplasm has been prepared during the

oogenesis. In the cytoplasm of the egg, the maternal transcripts of hunchback (hb) and caudal (cad) are uniformly distributed; the

transcript of bicoid (bcd) is mainly localized at the anterior pole, while a protein and RNA complex is localized at the posterior of the

egg. After fertilization, these maternal transcripts are translated rapidly, generating protein gradients along the egg. (B) Gap

domains. Signals embedded in the egg-shell activate Torso, a transmembrane receptor localized at the poles of the egg. Meanwhile,

at specific positions along the AP axis of the egg, a group of zygotic“gap”genes, e.g., tailless (tll), giant (gt), Kruppel (Kr), are

activated by the signals from maternal proteins. (C) Pair-rule pattern. Although the expression profile of the gap genes is not

periodic, the interaction of their transcriptional factor products and signals from maternal proteins provides nuclei a specific axial

identity. This identity is thereafter interpreted by the pair-rule genes, e.g., hairy (h), runt (run) and even skipped (eve), generating

periodic gene expression. Further transcriptional interaction between pair-rule genes and their downstream genes (e.g., fushi tarazu

(ftz)) refine the expression stripes. The stripe boundaries predict the parasegment boundaries. (D) Segment polarity pattern. Despite

that the gene expression of pair-rule genes is transient, once cell boundaries form, the pair-rule proteins in each parasegment

activates the segment polarity genes, whose expression is stable. Some genes like engrailed (en) is stable even in the adult.

Parasegment boundaries form between the cells expressingenand wingless (wg), respectively. Later on, the segment boundaries

are generated based on the parasegments. Adapted from Peel et al., 2005 [13].
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is involved in the translation of clock signal into segments
[17]. The mRNA level offgf8is high in posteriormost
PSM and progressively decreases toward anteriormost
side, forming a gradient over the PSM (Figure 2).
Overexpression offgf8blocked the segmentation and
kept the PSM cells in an immature state, indicating that
the expression level of FGF8 correlates with the fate of
PSM cells. Thus, it is proposed that there is a threshold
level of FGF8, termed the“determination front”(Figure
2). As the elongation of the body axis, the determination
front recedes, allowing the cells enter the segmentation
process. Thus, the distance of boundaries of the somites
probably is set by the period of the oscillation.

Numerical constancy

Another fascinating question is how precise numbers of
modules/elements/body units are achieved in periodic
patterns, such as 10fingers, 24 ribs, 32 teeth, and 33
vertebrae in humans. What mechanisms determine the
number and guarantee the constancy? Held postulated
that there is a“halt condition”to stop the repetition of the
pattern element [10]. If the“halt condition”were not
functional, the pattern element would repeat ceaselessly.
Actually, such‘infinite’mutants have been increasingly
observed. For instance, inCaenorhabditis elegans,unc-
86 mutations caused the cell lineages repeat many times
[19]; inDrosophila,bag-of-marblesmutations increased
the cell number of ovarian cyst from 16 to hundreds [20];
inAntirrhinum,floricaula mutation madeflowers become
repeated meristems [21].
It is intuitive that, given a constraint of element size, the
number of the pattern element could be controlled by the
body size. In alligator, there are more stripes on the back
of the male alligator due to their longer body size [22]. On
the contrary, the element number can be independent of
body size, e.g., the somite number inXenopus[23].

MODELS FOR PERIODIC PATTERN

“I am never content until I have constructed a mechanical
model of the subject I am studying. If I succeed in making
one, I understand. Otherwise, I do not.” —Lord Kelvin
Mathematic models are essential. They can integrate
experimental data; extract the key components; predict
the results upon genetic or physical perturbations. It’sa
highly intellectual challenge to summarize experimental
data at various levels into a mathematic model. So far they
have two major forms: i) analyze every component and
simulate every interaction in a system [24]; ii) omit
complicated details of a system but extract its nature [25].
Thefirst type of model is used to describe relatively
simple systems. If the system were complex, e.g.,
involving spatiotemporal dynamics, it would be difficult
to make a thorough analysis and develop a plausible
“detailed”model.
A great diversity of models have been suggested for the
periodic patterning phenomena [10]. As Murray
drummed in his book [22], these models are not the
actual mechanisms of the natural pattern. Similarly,
Wolpert shared his Maxim: “do not infer process from
pattern, since so many processes can produce the same
pattern”[26]. Here, we briefly introduce two important
models of theirs.

Reaction-diffusion model

Reaction-diffusion or Turing model is one of the most
well-known mathematic models for pattern formation
[27]. Alan Turing, one of the founders of modern
computer [28], proposed this brilliant model in a seminal
paper [29]. Intuitively, people would believe that diffu-
sion always contributes to stabilize the system. But Turing
found, in presence of diffusion, it is possible that the
origin locally stable state of a reaction system becomes

Figure 2. Model of segmentation in mouse vertebrates.The FGF8/Wnt3A gradient is shown in red. The expression of Mesp2/

c-meso1 is shown in blue. The determination front is shown as a black line. Adapted from Pourquie, 2003 [18].
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unstable. Mathematically, the coupling of diffusion and
reaction may make small perturbations on the homo-
genous stable state amplified. The global instabilities,
together with the boundary condition, can determine the
periods of the patterns. In other words, the diffusion and
reaction of the molecules leads to the formation of peak
and trough of the molecular concentration (Figure 3A).
These molecules are termed as morphogens. And their
distribution profiles will be the prepattern to develop. It
differs from the prepattern models in the reaction term,
which produces the morphogens [27].
The reaction-diffusion model has been considered to be
the standard in the mathematic models for biological
pattern formation [27]. However, in the experimental
biology community, this model is not widely accepted.
Fitzhugh and Nagumo proposed an important derivative
of Turing model to translate the mathematic language into
the one biologists use [30]. It is an activator-inhibitor
excitable system, such as the neuron. In this two-
component system, the production of both components
is activated by one of the chemicals, while the other one
plays a role to inhibit the growth of the system. With
proper parameters and under certain conditions, the model
can produce plain wave, rotating spirals, ring wave, stripe

wave, stationary localized pulse, et al. Furthermore, to get
a stable spatial pattern, Gierer and Meinhardt proposed
that a Turing pattern based on lateral inhibition only
requires a short-range positive feedback and a long-range
negative feedback [31], indicating that a faster diffusion
of the inhibitor and a slower diffusion of the activator.
These refinements make the general principle of Turing
model much easier to be applied in complex systems. It
has been shown that many systems may satisfy this
condition and are capable to form Turing Patterns, such as
chemotactic cell migration [32], neuronal interactions
[33], mechanochemical activity [34] and so on. However,
it’s hard to directly demonstrate the Turing’s model in a
real biological system. As Gierer and Meinhardt sug-
gested, the diffusion coefficient of activator should be
much slower than that of inhibitor [31,35]. But people
always lack of direct evidence on the diffusivity
difference in a real biologic system, due to the
difficulties to characterize the exact activator/inhibitor.
Until recently, a group of scientists succeeded to measure
the diffusivity of GFP fused Nodal and Lefty, an activator/
inhibitor-based system during zebrafish embryogenesis
byfluorescence recovery after photobleaching method
[36].

Figure 3. Scheme of the formation of Turing or density-dependent motility patterns. (A) Turing pattern. 1, The initial

condition. The concentration of the activator is supposed to be higher than that of inhibitor. 2, The concentration of activator

increases at the center due to the self-enhancing property. 3, The concentration of inhibitor increase. Due to the higher diffusion rate,

inhibitor move laterally, leading to the decrease of the concentration of activator at those regions. 4, The decrease of activator

concentration in turn results in the decrease of inhibitor. 5, For the outer region, the low concentration of inhibitor causes the increase

of activator. This initiates the new peak of activator. Adapted from Kondo and Miura, 2010 [27]. (B) Density-dependent motility

pattern. 1, The initial wave front starts to propagate as a Fisher’s wave front. Both the cell density and density signal molecule

concentration is low. 2, The density signal molecule reaches the threshold, while the cell motility in this region drops. A“bud”merges,

due to the effective limited diffusion. 3, The bud amplifies to a“mound,”separated from the frontal region by a“cleft,”while the front

continues propagating. 4, The front reaches the motility threshold again, generating a new“bud.”5. The new“bud”grows to a

“mound,”while the front keeps repeating the same process.
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The density-dependent motility model

Physicists also proposed that density-dependent motility
could be an alternative mechanism to form periodical
patterns. Cates et al. studied the model, in which the
motility of the bacteria depends on the local cell density.
Using stability analysis, they found the system could form
stable patterns with small randomfluctuations around the
equilibrium cell density. However, to balance the
divergence of the high frequency mode of the instability,
they need introduce a forth order term [31]. Another more
experimentally relevant density-dependent motility model
was proposed, which includes a density signalingfield
[38,39]. Instead of instability around the equilibrium,
people found this density-dependent motility model could
generate periodical pattern as the density of leading front
reaches the motility threshold during the propagation.
This mechanism is different from typical reaction
diffusion model, and has been verified through a synthetic
biological system. This model would also be applied to a
system with two diffusive chemicals, in which the
diffusivity of one depends on the other chemical that
indicates the local concentration.

The clock and wavefront model

The clock and wavefront model was proposed for
somitogenesis. It comprises of two components: an
oscillating two-state“clock”and a unidirectionally
propagating wave [40]. In general, all cells synchronously
oscillate between two states. Once the front of the
traveling wave reaches, the oscillation stops. As the wave
sweeps over the developing zone, a periodic pattern with
alternating states is left behind.

SYNTHETIC BIOLOGY

Synthetic biology is a new and fast growingfield that
seems still has no widely accepted definition. Some
people define synthetic biology as“the design and
construction of new biological parts, devices and
systems, and the re-design of existing natural biological
systems for useful purposes”(http://syntheticbiology.
org/). Generally, these novel functions were achieved by
introducing new genetic networks termed“genetic
circuits.”
In the past decade, synthetic biology has been applied
to engineer new functions [41,42], such as population
controlling [6], cellular counter [43],“photoprinter”[4],
edge detector [3], and so on. The other important aspect of
synthetic biology is to understand the life via an
engineering approach [8,9]. Various biological phenom-
ena have been studied, including biological oscillator
[2,7], bacterial two-component system [44], band

detection[5], biofilm development [45], rebuilt ecosystem
[46], antibiotic resistance [47], etc.

Pattern formation with synthetic biology
approaches

Basu et al. engineered a“band-pass”filter by separating
luxRIsystem into sender (expressingluxIand producing
N-acylho-moserine lactone (AHL)) and receiver cells
(expressingluxRand responding to the AHL gradient).
They designed an ingenious genetic circuit to make cells
respond differently to the different level of AHL, resulting
in a bull-eye pattern in solid agar. Here, sender cells
constitutively produced diffusible AHL. With certain
production and decay rate, AHL formed a gradient in
solid agar. Receiver cells containing a series of genetic
elements (e.g.,luxR,cI, andlacI) were in advance mixed
in the agar. They only expressed GFP when AHL
concentration was in a narrow range. Three LuxR mutants
with different sensitivities to AHL were applied to
generate various patterns [5]. With the synthetic genetic
circuit, they directly demonstrated the pattern formation
mechanism of morphogen gradient.
More recently, Danino et al. used luxRIsystem to
synchronizeE. colipopulation, created a genetic
oscillator [2]. Compared with previous synthetic oscilla-
tion systems, their design was simple but led to beautiful
temporally periodic patterns. They placedluxI, a reporter
yemGFP andaiiA(AHL-degrading enzyme) under the
control ofPluxI. LuxR-AHL complex inducedaiiA
expression, which in turn negatively regulated the
expression ofluxI. With the aid of microfluidics devices
andfluorescent microcopy, the bulk oscillation was
temporally recorded. Moreover, the period and amplitude
of the oscillator could be tuned by controllingflow rate in
the microfluidics.
Liu et al. engineered bacterial cells to explore a novel
principle of periodic pattern formation [39]. They
constructed a model system containing the basic ingre-
dients of growth, motility and cell-to-cell signaling for
pattern formation. A simple regulatory interaction,
involving the inhibition of cell motility at high cell
densities, was introduced by controlling the chemotaxis
circuit ofE. coliby a heterologous quorum-sensing
system. This interaction, simulating a density-dependent
motility effect, unexpectedly led to the sequential
formation of highly periodic stripe patterns with temporal
interval of 200 min, after spotting the engineered strain on
a semi-solid agar plate.

Principle of pattern formation discovery by
synthetic biology

In Liu et al.’s study, they took the advantages of the
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synthetic system, in which the genetic circuit was
designed, to measure every key quantity and quantita-
tively study the detailed dynamical process of stripe
formation. This directly led to the proposal of density-
dependent motility model. Unlike the other reaction-
diffusion system, the density dependent motility system
can initiate periodical stripes as the propagating wave
front reaches the density threshold (Figure 3B). Besides,
according to the model prediction, they found the system
has a phase transition from stripes to non-stripes,
between whichfinite numbers of stripes would be
formed. To test this prediction in experiments, they
succeeded to tune the number of stripes by changing the
expression level of single gene. Detailed experimental
and theoretical investigations of the pattern formation
process led to the understanding of a new strategy of
sequential stripe formation, which may be of relevance
not only to the synthetic bacterial patterns but also
to similar stripe formation processes in metazoan
development.

PERSPECTIVES

Those who use traditional top-down research strategies to
study biological pattern formation have tofind a path
through the complicated maze of cellular context and
multi-layer regulation networks. In most cases, it’s very
difficult. Although in vitro bottom-up approaches can
reconstitute some key players of certain biological
systems, it is, after all, too artificial as well as requires
detailed molecular mechanism(s). A more radical idea is
to ignore the natural mechanisms,“create”biological
pattern formation system, using synthetic biology, with
phenotypes akin to existed ones. From these synthetic
pattern systems, we may gain some new patterning
principals. Given the vast diversity of natural patterns, it’s
unsurprising that analogous patterning systems exist.
Researchers may benefit from revisiting their pattern
systems with these“artificial”principals.
On the other hand, one of the goals of synthetic
biology’s is to build biological systems. We now under-
stand many pieces, parts, and some of their interactions,
but how to integrate them into a functional biologic
system and ordered biological structure, e.g., blood
vessel, skin, or even heart? It's a big challenge for tissue
engineering. One approach may be 3D printing: directly
build a“tissue”into its ultimate shape and size. The other
way can be programmed development: starting from a
cluster of cells, autonomously grow into a desired
“tissue.”For the latter one, it probably is more natural
and durable. In the future, the combination of the
two approaches could be joined to generate designed
biological structures and to understand basic
principles.
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