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Design automation refers to a category of software tools for designing systems that work
together in a workflow for designing, building, testing, and analyzing systems with a target
behavior. In synthetic biology, these tools are called bio-design automation (BDA) tools. In
this review, we discuss the BDA tools areas—specify, design, build, test, and learn—and
introduce the existing software tools designed to solve problems in these areas. We then
detail the functionality of some of these tools and show how they can be used together to
create the desired behavior of two types of modern synthetic genetic regulatory networks.

Synthetic biology as a discipline has con-
cerned itself with “forward engineering” liv-

ing systems. This is a purposefully grand goal
and is faced with numerous scientific, engineer-
ing, political, and ethical challenges. These
engineering challenges include the storage of
biological information, the design of complex,
interacting biological systems using that infor-
mation, the physical creation of these systems,
and the dissemination of foundational princi-
ples as abstractions on which the next technical
advances can be made. What should be clear to
even the most casual observer is that computers,
and the computational capabilities they bring
with them, are going to be required if the field
is going to succeed going forward. Debates re-
main regarding the framing of the computa-
tional approaches (Andrianantoandro et al.
2006; Lux et al. 2012; Densmore and Bhatia
2014), but there are few who debate the impor-

tant and increasingly prominent role of compu-
tation in the field.

Synthetic biology and its associated promise
have attracted a wide variety of participants. In
particular, computer engineers and computer
scientists began developing computational
tools for engineering these genetic systems us-
ing techniques from their disciplines. Electronic
design automation (EDA) showed a clear pro-
cess by which design formalisms could be built,
software tools created, and a larger, separate in-
dustry developed (see latticeautomation.com;
teselagen.com; deskgen.com; benchling.com).
This pursuit in the synthetic biology field has
recently been coined bio-design automation
(BDA) (Densmore 2012). BDA often uses a “di-
vide and conquer” approach for solving small
parts of a larger problem one piece at a time and
allows for specialists to tackle specific narrow
problems in which they have considerable ex-
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pertise. After all necessary pieces are defined
and solved, solutions for each subproblem can
be automated, connected, and reused to solve
larger problems. The central conjecture of this
approach to synthetic biology is that the appli-
cation of these core engineering concepts will
accelerate synthetic biology workflows, increase
abstraction and reuse, and greatly scale the size
and complexity of systems that can be success-
fully created.

A key contemporary challenge in BDA is
that there are few standards and little documen-
tation for repeatedly engineering these systems.
In response, multiple efforts have begun work-
ing toward community standards (Endy 2005;
Arkin 2008; Canton et al. 2008; Kelly et al. 2009;
Smolke 2009; Galdzicki et al. 2011) for data
models and data exchange. This effort has re-
cently gained more momentum (Galdzicki et
al. 2014) and seen support and involvement
from larger government organizations (Hayden
2015). Currently, some of the core requirements
for representing sequence information have
been discussed at length and interest has shifted
to establishing standards for additional related
subproblems.

The current BDA landscape can be divided
into five main areas: specification, design, build,
test, and learn. “Specification” concerns a pre-
cise, formal definition of the desired function
and design of a target genetic system. “Design”
concerns the set of decisions needed to deter-
mine the DNA constructs to be used and any
needed modification to those constructions.
“Build” refers to the processes and decisions
involved in creating a plan for composing the
DNA constructs from their elements using spe-
cific cloning methodologies and physically im-
plementing a DNA-assembly plan (e.g., many
approaches integrate robotics). “Test” concerns
the design and physical implementation of ex-
periments for characterizing engineered systems
and the accompanying analysis and interpreta-
tion of acquired data. “Learn” includes ma-
chine-learning approaches to allow for the au-
tomated revision of designs based on processed
experimental outcomes.

This review provides a survey of BDA ap-
proaches in these areas; it reflects the investiga-

tors’ experience in the field since 2007 and at-
tempts to complement other similar surveys
(Kahl and Endy 2013) by both updating these
offerings to reflect the state-of-the-art in 2016 as
well as providing examples of some core work-
flows.

SPECIFICATION AND DESIGN OF GENETIC
SYSTEMS

The first step in engineering a genetic system is to
specify its intended structure and/or function.
Such a specification may take many different
forms, ranging from a mathematical description
of system behavior to a rule-based description of
system architecture. Once a specification has
been made, it must be mapped to a set of genetic
parts and/or larger devices with defined genetic
sequences that can conceivably satisfy its re-
quirements. This mapping process constitutes
the problem of genetic design, which can be
solved via many alternate approaches. In this
section, we will discuss BDA tools for specifica-
tion and design and classify them as supporting
a rational or combinatorial approach to genetic
design. We will also highlight the use of several
exemplar tools to specify and design a genetic
AND gate and dual-feedback oscillator similar
to those originally designed by Nielsen et al.
(2016) and Stricker et al. (2008), respectively.

Rational Specification and Design

In general, rational approaches to genetic design
are those in which design decisions are based on
conclusions drawn from a biophysical or bio-
chemical model. For example, a designer might
decide to use one genetic part over another
based on its impact on gene expression as pre-
dicted by a model. Roughly, two-thirds of all the
specification and design tools listed in Table 1
can be classified as supporting a rational ap-
proach to genetic design. The specification tools
belonging to this classification can be further
divided into two non-mutually exclusive cate-
gories: languages and tools for directly building
biophysical/biochemical models of genetic sys-
tems (Antimony [Smith et al. 2009], iBioSim
[Myers et al. 2009], and ProMot [Mirschel et al.
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2009]) and languages and tools for composing
less-detailed descriptions of system behavior
and/or architecture that are compiled into
more detailed models (Cello [Nielsen et al.
2016], GEC [Pedersen and Phillips 2009],
GenoCAD [Czar et al. 2009], iBioSim [Myers
et al. 2009], Kera [Dhar 2010], the Proto Bio-
compiler [Beal et al. 2011], and TinkerCell
[Chandran et al. 2009]). Specification tools be-
longing to the first class tend to give the user
greater control over the form of model built
with them, whereas specification tools belong-
ing to the second class tend to remove this con-
trol from the user to automate specification and
reduce the expert knowledge required during
this process.

While rational specification tools are used
to specify the intended function of a genetic
system, rational design tools are used to map
from such a specification to an implementing
set of genetic parts and/or devices with defined
sequences. A majority of the rational design
tools in Table 1 (AutoBioCAD [Rodrigo and
Jaramillo 2013], BioJade [Goler 2004], Cello
[Nielsen et al. 2016], GEC [Pedersen and Phil-
lips 2009], GenoCAD [Czar et al. 2009], iBio-
Sim [Myers et al. 2009], Kera [Dhar 2010],
Matchmaker [Yaman et al. 2012], MoSeC [Mis-
irli et al. 2011], OptCircuit [Dasika and Mara-
nas 2008], Parts&Pools [Marchisio 2014], and
SBROME [Huynh et al. 2013; Huynh and Tag-
kopoulos 2014]) feature dedicated support for
designing genetic regulatory networks/circuits,
but none feature the same level of support for
designing biosynthetic/metabolic pathways.
This omission is partly a reflection of the cur-
rent membership of the BDA community, many
of whom work at the intersection between syn-
thetic biology, systems biology, and electrical
and computer engineering, thus favoring the
development of tools for genetic circuit design.
However, this omission also highlights that ex-
isting tools for rational pathway design, such as
Cobra 2.0 (Schellenberger et al. 2011) and Opt-
Flux (Rocha et al. 2010), have been developed
based on traditional approaches to pathway en-
gineering as opposed to newer approaches from
synthetic biology. The former approaches tend
to focus on knocking out genes from a known

pathway to optimize its performance (Kim et al.
2015), although the latter approaches empha-
size the optimal design of a synthetic pathway
under the control of standardized parts (Sman-
ski et al. 2014). Of the remaining rational design
tools in Table 1, Rosetta (Leaver-Fay et al. 2011)
and the RBS Calculator (Salis et al. 2009) have
perhaps the broadest application in the sense
that they are based on principles from bio-
physics and can be used to design some of the
primitive genetic parts (proteins and RBSs, re-
spectively) found in most genetic systems.

The example at the end of this section fea-
tures Cello, GEC, and the RBS Calculator as
effective BDA tools for rational specification
and design. Cello was selected as it represents
one of the most dedicated and experimentally
vetted tools for genetic circuit design. Cello is
also notable for basing its designs on an empir-
ical model of circuit behavior in which the
transfer curves for the individual logic gates
that make up a circuit are multiplied to obtain
a steady-state relationship between its input and
output. This is in stark contrast with the mech-
anistic models of genetic regulatory networks
leveraged by most other circuit design tools.
In this way, Cello obviates the need to directly
measure or estimate chemical kinetic parame-
ters, but at the cost of being unable to predict
the transient, non-steady-state behavior of its
designed circuits. Consequently, for our exam-
ple, Cello is best suited to the design of the AND
gate as opposed to the dual-feedback oscillator.
For the design of the latter circuit, GEC was
selected by reason of its highly developed lan-
guage for abstractly specifying genetic function
and its capability to export biochemical models
written in the Systems Biology Markup Lan-
guage (SBML) (Hucka et al. 2003), a standard
leveraged by many other BDA tools, including
simulation tools featured in a later section (see
Data Analysis and Simulation) (iBioSim [Myers
et al. 2009] and COPASI [Hoops et al. 2006]).
Last, the RBS calculator was chosen for its im-
mediate accessibility compared with other bio-
physics-based tools, its high potential for com-
plementing other BDA tools, and its widespread
use among synthetic biologists outside of the
BDA community.

Design Automation in Synthetic Biology
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Combinatorial Specification and Design

Combinatorial approaches to genetic design
typically involve designing many different vari-
ants of a system, such that these variants can be
efficiently screened and/or undergo selection to
obtain those that optimize system function. For
example, an engineer might design a library of
biosynthetic pathway variants in which the ge-
netic parts controlling expression are varied
to enable screening for the set of parts that op-
timize pathway yield (Smanski et al. 2014). Al-
ternatively, one might design a library of oligo-
nucleotides to make a large number of targeted
edits to the genome of a host organism and then
select for the most productive strain (Wang et al.
2009). One-third of the specification and design
tools listed in Table 1 can be classified as sup-
porting a combinatorial approach to genetic de-
sign. At least four of these tools are dedicated to
combinatorial specification, with three tools
providing languages for specifying library archi-
tectures and/or target sequences for genome
engineering (Eugene [Bilitchenko et al. 2011],
GSL [Wilson et al. 2016], and Molecula Maxi-
ma) and one tool providing the means to gen-
erate experimental design matrices that can be
interpreted as specifications of library function
(Double Dutch [Roehner et al. 2016a]).

While combinatorial specification tools are
used to specify the intended structure and/or
function of a genetic library, combinatorial
design tools are used to map from such a spec-
ification to an implementing set of genetic parts
and/or devices with defined sequences. The
combinatorial design tools in Table 1 are a
superset of the combinatorial specification
tools in this table and can be broadly divided
into three groups: tools focused on genome en-
gineering (MAGE [Wang et al. 2009] with Mer-
lin [Quintin et al. 2016] and CRISPR [Cong
et al. 2013] with DeskGen [see deskgen.com]),
tools for general purpose design and/or assem-
bly of combinatorial libraries (Device Editor
[Hillson 2014], Eugene [Oberortner et al.
2014], Genome Compiler, GSL [Wilson et al.
2016], j5 [Hillson et al. 2011], and Teselagen
[see teselagen.com]), and tools focused on de-
signing libraries that adhere to experimental

designs (Double Dutch [Roehner et al. 2016a]).
These three groups can be viewed as a spectrum
in which tools from the first and second groups
are well suited to combinatorial approaches that
rely exclusively on screening and/or selection,
whereas tools from the second and third groups
are well suited to semirational approaches that
supplement screening with statistical methods
such as regression analysis to guide the search
for optimal variants. The majority of the com-
binatorial design tools in Table 1 belong to the
first half of this spectrum rather than the sec-
ond, which suggests that the BDA community
has thus far focused its attention on combina-
torial design and assembly as opposed to semi-
rational design. This gap in tooling may also
reflect a difference in research focus between
academia and industry, given that the academic
tools in Table 1 are overrepresented in the cate-
gory of rational design, whereas the industrial
tools are overrepresented in the category of
combinatorial design but underrepresented in
the subcategory of semirational design.

The example at the end of this section fea-
tures Eugene and Double Dutch as effective BDA
tools forcombinatorial specification and design.
Eugene was chosen for its flexibility as a do-
main-specific programming language, its incor-
poration into both academic and industrial
tools (Cello [Nielsen et al. 2016], Device Editor
[Hillson 2014], j5 [Hillson et al. 2011], and Te-
selagen [see teselagen.com]), and its capacity to
export the Synthetic Biology Open Language
(SBOL) (Galdzicki et al. 2011, 2014). SBOL is
a prominent design standard that has been de-
veloped by a subset of the BDA community and
has growing support among BDA tools (see sec-
tion on Data Exchange and Standardization).
Last, Double Dutch was chosen as the sole com-
binatorial design tool in Table 1 with explicit
support for semirational design of biological
systems.

Example

In this example, we will discuss how Cello (Niel-
sen et al. 2016) and Eugene (Oberortner et al.
2014) can be used to design a genetic AND gate,
and how GEC (Pedersen and Phillips 2009), the

E. Appleton et al.
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RBS Calculator (Salis et al. 2009), Eugene, and
Double Dutch (Roehner et al. 2016a) can be
used to design a dual-feedback oscillator (Fig.
1). The first step in the design of the genetic
AND gate is to submit a Verilog (Thomas and
Moorby 1995) case statement for the appropri-
ate Boolean logic as input to Cello. Cello then
compiles this Verilog specification to a gate net-
list and optimizes the assignment of genetic log-
ic gates to this netlist (colors the netlist) based
on predicted circuit behavior. Because the cor-
rect behavior of a genetic circuit in vivo is the
result of many factors besides just gate choice,
oftentimes an additional combinatorial design
step is performed to increase the likelihood of
success. Among the outputs of Cello is a Eugene
file that encodes the theoretical best circuit de-
sign. This file can be modified through the ad-
dition or subtraction of Eugene rules to custom-
ize the design and potentially specify a library of
design variants. In this case, the rules specifying
gene order are removed, whereas the rules spec-
ifying scar positions are kept. When the modi-
fied Eugene file is executed, the result is a library
of six AND gates, one for every possible gene
order. Following testing, we can attempt to an-
alyze the effect of gene order on circuit per-
formance and use the circuit variant that best
satisfies the original Verilog specification made
using Cello.

Next, the design of the dual-feedback oscil-
lator begins with writing a specification in the
GEC language for its genetic architecture (num-
ber and types of genetic parts) and regulatory
relationships. GEC then compiles this specifica-
tion to all genetic circuit designs that satisfy the
specified constraints. In this example, only one
design is generated because the default part da-
tabase provided with GEC is relatively small and
must be extended with a dual-regulatory pro-
moter from the iGEM (Smolke 2009; Vilanova
and Porcar 2014) Registry (BioBrick K094120)
to obtain any solutions. To predict which design
will have optimal performance, one must use
GEC to compile each design to a biochemical
model and simulate each model using GEC or
another tool. In practice, however, it can be dif-
ficult to obtain predictive biochemical models
for this step, as many part databases lack the

chemical kinetic parameters necessary to in-
form such models. Hence, in this example, the
RBS calculator is used to design a library of
nine RBSs with translation initiation rates span-
ning three orders of magnitude. This set of parts
is used later as part of a semirational design
strategy with Double Dutch. Unlike Cello,
GEC does not produce a Eugene file that can
be used for combinatorial design. Instead, this
file must be written by the user. In this case, the
Eugene file for the oscillator varies not only
gene order, but also gene orientation, constrain-
ing the latter with a rule that requires genes to
have alternating orientations (e.g., forward, re-
verse, forward). This rule can be useful for re-
ducing read-through transcription of genes.
Once the most promising of the six rule-con-
formant architectures has been identified
through testing, a library of oscillators that share
this architecture but have different RBSs is de-
signed using Double Dutch. Double Dutch bas-
es this library design on a design of experiments
(DOE) matrix so that a user can perform regres-
sion analysis following testing and correlate RBS
strength with oscillator performance. Conse-
quently, further design decisions can be based
on a regression model, and the oscillator can be
fine-tuned when a biochemical model like those
used in GEC is unavailable or not predictive.

BUILDING AND EDITING DNA
SEQUENCES

Once a specification has been mapped to a set of
target DNA constructs, they must be assembled.
This problem, called the DNA assembly prob-
lem, has both design optimization and physical
implementation aspects and can be broken into
at least three subproblems: (1) vector design; (2)
assembly planning; and (3) liquid handling.
Traditionally, many of these problems have
been solved manually and simultaneously in a
process that became known as molecular clon-
ing. In the early days of molecular cloning, these
methods were all ad hoc; for each target clone, a
human would have to study the fragment and
vector of interest and select an intelligent set of
restriction enzymes to cut the vector and the
amplified template and then perform a separate

Design Automation in Synthetic Biology
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ligation reaction to create the final clone. Some
of the challenges of this approach include select-
ing compatible sets of restriction enzymes and
compatible sets of sticky ends that were likely to
result in a successful ligation. This method of
cloning is called “traditional cloning.”

As our knowledge of cloning enzymes and
DNA synthesis technologies improved, some
groups started to gain interest in high-through-
put DNA assembly where many fragments
could be assembled at once in parallel. For these
technologies, we could not require humans to
make each assembly decision in such a large set
and so some groups invented standard cloning
frameworks called “DNA assembly methods,”
which asserted standard conventions for the de-
sign of flanking ends of DNA fragments and the
enzymes used in cloning reactions. In recent
years, numerous methods have been developed
with variations in these categories (Li and El-
ledge 2007; Engler et al. 2008; Shetty et al. 2008;
Gibson et al. 2009; Quan and Tian 2009; Weber
et al. 2010; Sarrion-Perdigones et al. 2011; Iver-
son et al. 2016), but all have the goal of scaling
and modularizing DNA assembly capabilities.
Some methods place a heavy emphasis on mod-
ularity (Weber et al. 2010; Iverson et al. 2016)
and standardization (Shetty et al. 2008), where-
as others place a heavier emphasis on the scale of
fragments that can be reliably assembled (Gib-
son et al. 2009). In addition to these biochem-
ical technology developments, software was
developed to assist problem solving in each of
the three DNA assembly problem areas.

Vector Design

The first category of problems to solve in DNA
assembly is the conversion of designs into repli-
cating vectors or sets of replicating vectors. This
problem, called vector design, is a commonly
overlooked subproblem in the current software
landscape. Presently, there are no known algo-
rithmic software tools dedicated exclusively to
this task and this problem is generally solved
manually within sequence-editing software. To
perform this task, a user copy–pastes their se-
quences into theeditorand highlights important
features and candidate restriction sites (Fig. 2A).

There are a variety of popular proprietary (Vec-
torNTI, Benchling, Geneious, Vector Express,
SnapGene) and open-source(ApE,GeneDesign,
Sequence Refiner, Vector Editor, Synthetic Gene
Designer) sequence-editing tools available for
solving this problem. These tools often include
many additional features for curating sequence
libraries and data management and have become
the standard technology for storing sequence in-
formation in most laboratories.

Assembly Planning

Hierarchical assembly planning refers to the se-
lection of which cloning reactions to perform in
parallel and in which series to ultimately create
all final clones. For large assemblies or large sets
of assemblies, it is desirable to maximize frag-
ment reuse and minimize cloning steps to min-
imize time and material expense. Some algo-
rithms have been developed to automate this
design process (Densmore et al. 2010; Appleton
et al. 2014a; Blakes et al. 2014) and have resulted
in two web-based open-source software tools:
DNALD (see dnald.org/planner) and Raven
(see cidar.bu.edu/ravencad). DNALD inputs
sets of target parts made of combinations of
“basic part” primitives and determines an opti-
mized hierarchical assembly plan for building
all target parts assuming that only two frag-
ments can ever be joined in one cloning step
(called “binary assembly”). Raven also calcu-
lates hierarchical assembly plans for sets of tar-
get parts composed of “basic part” primitives,
but offers several additional features. First, it
partially addresses the vector design problem
by allowing for the association of parts with
the vectors they originate from and the vectors
the final clone must be in. Second, it has algo-
rithms for “n-ary” assembly in which more than
two fragments may be connected in one cloning
reaction, which is a common trait of modern
“one-pot” cloning techniques categories (Fig.
2B) (Li and Elledge 2007; Engler et al. 2008;
Shetty et al. 2008; Gibson et al. 2009; Quan
and Tian 2009; Weber et al. 2010; Sarrion-Per-
digones et al. 2011; Iverson et al. 2016).

After the hierarchical assembly plan is de-
termined, flanking sequences for each of these
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Figure 2. Construction of a complex logic gate and oscillator. (A) Using ApE, one can take a sequence of parts
from a design, assign to one or more vectors, and edit any parts or junctions at the DNA sequence level.
(Continued on following page.)
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Figure 2. (Continued.) (B) Raven is used to determine a hierarchical assembly plan for each construct using a
specific assembly method. Assembling an AND gate with Gibson requires two stages, four steps, four synthesis
steps, and six polymerase chain reaction (PCR) steps, whereas assembling the oscillator constructs with Gold-
enGate requires two stages, four steps, and 16 PCR steps. Raven generates oligonucleotides to perform these
assemblies, but j5 can be used for more refined primer designs for specific cloning steps. The common sequences
are highlighted in red. (Continued on following page.)

Design Automation in Synthetic Biology

Cite this article as Cold Spring Harb Perspect Biol 2017;9:a023978 15



Oscillator

os
ci

lla
to

r_
go

ld
en

ga
te

_a
ss

em
bl

y_
sc

rip
t

pl
at

fo
rm

_s
pe

ci
fic

at
io

n

m
ic

ro
flu

id
ic

s_
co

nf
ig

_f
ile

A
N

D
_g

at
e_

gi
bs

on
_a

ss
em

bl
y_

sc
rip

t

pl
at

fo
rm

_s
pe

ci
fic

at
io

n

T
E

C
A

N
_c

on
fig

_f
ile

Liquid handling
C

AND gate

Figure 2. (Continued.) (C) Once a complete assembly plan is determined, PR-PR can be used to create instruc-
tion files for liquid-handling robotics or microfluidics platforms to distribute liquids.
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fragments must be determined and primers
must be designed for polymerase chain reaction
(PCR) such that the correct flanking regions are
added to each fragment. Raven provides algo-
rithms for optimizing assembly junction se-
quence reuse, which is important when cloning
libraries for combinatorial assembly (Engler
et al. 2008; Weber et al. 2010; Sarrion-Perdi-
gones et al. 2011; Iverson et al. 2016), and pro-
vides basic primer designs but does optimize
them for assembly-method-specific cloning re-
action chemistry concerns. However, the j5 tool
addresses this problem in great detail for many
contemporary cloning methods (Hillson et al.
2011) and produces highly optimized primers
with a high likelihood of improving the success
of each individual cloning reaction (Fig. 2B).
Most sequence-editing software also has inte-
grated tools for informing these decisions, but
do not optimize primers as well as j5. Other
tools like Primer3 can optimize primers for se-
quencing or other assembly-related tasks such
as genome editing.

Liquid Handling

After assembly planning, the selection of chem-
ical protocols and plans for dispensing liquid to
carry out these protocols must be determined.
Some of these protocols are standardized by the
chemical manufacturer, but many cloning reac-
tion reagents are not available in the form of a
standard master mix, so they must be designed
by a biologist. After a set of protocols is deter-
mined, the problem of how to execute all nec-
essary protocols efficiently is called the liquid-
handling problem. Some open-source tools
(PR-PR [Linshiz et al. 2014] and Aquarium)
have been created to solve these problems and
subsequently produce step-by-step instructions
for executing these tasks in an effort to reduce
human cost and improve protocol efficiency
plus reproducibility. One such tool for this
task, PR-PR, inputs a formatted file to describe
all of the reactions that must be performed and a
file to describe the configuration of a supported
platform before generating liquid-handling in-
structions for a liquid-handling robot, micro-
fluidic platform, or human user (Fig. 2C).

Example

To provide an example of how to use these tools,
we will examine the construction of the AND
gate and oscillator designs from the previous
section (Fig. 2). To solve the vector design prob-
lem, one can import the sequences from each
part of the overall design into ApE and paste
them into a single (as per the AND gate) or
multiple (as per the oscillator) replicating vec-
tor(s) (Fig. 2A). Next, we can use Raven to de-
termine hierarchical assembly plans using Gib-
son assembly for the AND gate and GoldenGate
for oscillator. Raven generates primers and syn-
thesis fragments for these plans, but j5 can offer
more refined primers for each specific cloning
step that can improve the likelihood that the
cloning step will work on the first try (Fig. 2B)
(in this case, we determine primers for the last
cloning step of the AND gate and for the smaller
plasmid from the oscillator). Finally, this assem-
bly plan can be written up in a standard format
and converted to protocol planning files that can
be compiled by the PR-PR software to produce
assembly instructions that can be interpreted
by specific liquid-handling robotics platforms,
microfluidic rigs, or a human with a pipettor
(Fig. 2C).

DATA ANALYSIS AND SIMULATION

Data generated in the previous steps can be sim-
ulated and analyzed to evaluate and validate the
biological system. The first step in this analysis
process typically involves the application of a
computational model. This model can either
be simulated to produce traces representing
the behavior of the system or analyzed to vali-
date properties of the system. Depending on
what types of properties a researcher wants to
check, there are different modeling techniques
as well as a variety of simulation and analysis
methods that can be used.

Modeling

To reason about biological data, researchers
must construct models. There are a plethora
of different modeling techniques that can be
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used to accomplish this goal, which mainly fall
into two categories: qualitative and quantitative
(Jong 2002). Qualitative approaches typically
abstract many details of the system, reducing it
to a collection of states and transitions. An ex-
ample of one of these types of models is a Bool-
ean network that views each species in the sys-
tem as being either in the “on” or “off” state and
each reaction as a logical transition of species
from “on” to “off” and vice versa. If more “lev-
els” are desired (e.g., “high,” “low,” and “medi-
um”), the model can be extended into a quali-
tative network. These types of models are often
used in multicellular simulators such as Gro or
Morpheus, in which simplifying the logic for
each cell aids in reducing the complexity of the
entire multicellular system.

Another type of qualitative model for de-
scribing chemical processes is a Petri net (Petri
1966). Petri nets are useful for modeling systems
with a lot of concurrency and are comprised of
bipartite graphs made up of a collection of tran-
sitions (i.e., events or reactions) and places (i.e.,
states or conditions). Each place can have a
number of tokens representing anything such
as the concentration of a species or the number
of times a reaction has occurred. Tokens are
moved from one place to another by firing a
transition between them. This firing can repre-
sent many things such as an interaction of two
species or the advancement of time. Among its
modeling options, iBioSim supports the crea-
tion of Petri net models of biological systems.

Although qualitative models have been used
to successfully predict different behaviors in bi-
ological systems, they often fall short in produc-
ing quantitative results. Quantitative models,
on the other hand, strive to be as real-to-life
as possible and often include very complex in-
teractions that are described using reaction rate
equations. In these types of models, the modeler
will often define the quantity of each chemical
species, a set of chemical reactions between spe-
cies, and a collection of parameters used in the
rate equations. These models can then be either
translated into a collection of ordinary differen-
tial equations (ODEs) using classical chemical
kinetics (Waage and Guldberg 1864) or into a
collection of propensity functions using sto-

chastic chemical kinetics (Gillespie 1992), de-
pending on which types of simulation or anal-
ysis a user wishes to perform. Quantitative
models are the most widely used in synthetic
biology as they can be built and tuned to give
the most predictive power. Nearly all of the sim-
ulation tools presented in this review are capa-
ble of producing and/or processing quantita-
tive models.

Simulation

Simulation largely falls into two categories: de-
terministic and stochastic (or probabilistic)
(Lecca et al. 2013). Deterministic simulation is
often performed after applying classical chem-
ical kinetics to a model to produce a set of
ODEs. These ODEs are then solved using a stan-
dard method such as the Euler or Runge-Kutta
methods to produce time series data for each
species in the system. ODE simulation is deter-
ministic because the solution to the ODEs is
always the same given the same initial condi-
tions on the model. Hence, the system only
needs to be simulated once to produce a trace
representing its behavior.

Classical chemical kinetics assume that con-
centrations of species in a system are large and
that changes in these concentrations occur con-
tinuously and deterministically. This assump-
tion does not always hold for biological systems,
particularly genetic regulatory circuits where
molecule counts are small and reaction firings
cause large fluctuations in species counts (Mc-
Adams and Arkin 1999). For these systems, sto-
chastic simulation is necessary to produce accu-
rate results.

To prepare the model for stochastic simula-
tion, the propensity of each reaction in the sys-
tem must be calculated. Each propensity repre-
sents the probability that its associated reaction
will fire within the next infinitesimal time inter-
val, and they are computed by multiplying the
reactants in the reaction by the reaction rate con-
stants. With these propensities, the simulator
can use a method such as Gillespie’s stochastic
simulation algorithm (SSA) (Gillespie 1976,
1977). This algorithm roughly works by deter-
mining the next reaction to fire based on pro-
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pensities, probabilistically determining a time
for the reaction to fire, stepping over all of the
uneventful time to this firing time, firing the
reaction to update the state, and then repeating
this process until the desired time limit has been
reached. Traces produced by this algorithm will
vary each time it is run because the next reaction
and the next firing times are always selected
probabilistically. This fact means that a system
may need to be simulated many times to deter-
mine its average behavior or to observe a rare
event. Additionally, some systems have many
fast reactions (reactions with large propensities),
which cause the simulator to spend an exorbi-
tant amount of simulation time firing these re-
actions while not advancing time very much.
For these systems, improvements to the SSA
such as tau-leaping (Gillespie and Petzold
2003) (selecting a larger time step and firing sev-
eral reactions instead of one) and slow-scale SSA
(Cao et al. 2005) (partitioning the system into
fast and slow reactions and simulating them on
different time scales with the help of steady-state
approximations) have aided in their simulation.

Almost all of the tools mentioned in this
review with simulation capabilities support
both deterministic and stochastic simulation.
Some of them (e.g., TinkerCell, CellDesigner,
JDesigner), however, connect to another simula-
tion tool (e.g., COPASI, Jarnac) for this support.

Analysis

Beyond simulation, there exist many types of
analysis that can be performed on a model.
These include model checking over steady-state
or transient properties of the system, flux bal-
ance analysis, parameter estimation, and sensi-
tivity analysis. Model checking approaches, es-
pecially those with a probabilistic component,
can either be analyzed with statistical or numer-
ical approaches (Younes et al. 2006; Kwiatkow-
ska et al. 2007). Statistical approaches typically
involve stochastically simulating the system a
large number of times and then computing sta-
tistics over the resulting traces, whereas numer-
ical analysis usually involves finding the state
space of the model, often represented with a
matrix, and performing computations directly

on it. Without translating the model into the
appropriate format and exporting it to an exter-
nal model-checking tool like PRISM (Hinton
et al. 2006), the only biological simulation tool
capable of performing model checking is iBio-
Sim.

Flux balance analysis is used to calculate the
steady-state metabolic fluxes of biological sys-
tems by assuming that the input to the system
roughly equals the output plus or minus one or
a few factors (Raman and Chandra 2009). It is
fairly easy to implement and is included as a
feature in iBioSim, COPASI, PySCeS, and Jarnac.

Parameter estimation methods attempt to
find values for parameters based on some exper-
imental data (Lynch and Walsh 1998; Thomp-
son et al. 2005). Most of these methods involve
choosing some values for the parameters and
then simulating the system to see how closely
the resulting trace matches the data. If the trace
matches well enough, the parameters are re-
turned as acceptable; otherwise, the parameters
are perturbed and the process repeats. This per-
turbation can be performed using a variety of
methods, from genetic algorithms to particle
swarms to hill-climbing techniques. iBioSim
has newly added support for parameter estima-
tion, but COPASI has the largest number of im-
plemented parameter estimation methods. For
those looking to take parameter estimation a
step further and instead try to solve the param-
eter synthesis problem to determine ranges of
acceptable parameters, BioPSy can be used.

Sensitivity analysis involves determining
how much different parameters affect the dy-
namics of the system (Nestorov 1999). Like
model checking, sensitivity analysis can either
be performed through simulations of the model
or by analyzing the model numerically. Many
tools including COPASI, PySCeS, and Jarnac are
capable of performing this type of analysis.

Example

In this example, we apply modeling and simu-
lation to the genetic AND gate and the dual-
feedback genetic oscillator using iBioSim and
COPASI (Fig. 3). The first step is generating a
mathematical model for each of these systems
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that we can simulate. For the genetic AND gate,
the SBOL file generated by Cello is imported into
iBioSim and converted into SBML. Although
the converted model can be simulated outright,
it is missing tunable inputs (i.e., the small mol-
ecules aTc and IPTG) and an output (i.e., the
florescent protein YFP). Using the model editor
in iBioSim, aTc, and IPTG are added to the mod-
el in addition to their complex formation reac-
tions with TetR and LacI, respectively. Addition-
ally, YFP is added, a repression arc is drawn
between PhlF and YFP, and the final model is
shown (Fig. 3A). This model is then exported
as an SBML model that is passed to COPASI
and simulated using ODEs while varying the
values of aTc and IPTG (Fig. 3B shows simula-
tion plots for this model). The ODE simulation
shows that the value of YFP is highest when both
aTc and IPTG are present and lowest when only
one or neither are present. However, the high
value of YFP is still fairly low as the ODE simu-
lation treats reactions as continuous, determin-
istic events. Using iBioSim, we can perform a few
stochastic simulations while still varying the val-
ues of aTc and IPTG. These simulations show
that again the value of YFP is highest when
both aTc and IPTG are present and lowest
when only one or neither are present. Because
of stochastic noise, this simulation reveals that
there is occasionally sporadic production of YFP,
but YFP quickly degrades away because of the
lack of one or both inputs.

The SBML model for the dual-feedback ge-
netic oscillator produced by GEC was not able to
be simulated directly using iBioSim because of
some differences in support of SBML packages;
however, this model is recreated in iBioSim (Fig.
3A). As with the genetic AND gate, the oscilla-
tor’s model is exported to SBML that is fed into

COPASI and simulated using deterministic
methods (Fig. 3B). In this simulation, the value
of GFP initially increases to a peak value and
then declines until it levels off at a steady-state
value. Needless to say, this is not the behavior we
would expect from an oscillator, and it is obvi-
ous that the ODE simulation is failing to capture
some of the noisy, stochastic events that lead to
oscillations. Using iBioSim, on the other hand,
several stochastic simulations are performed,
which show this oscillatory behavior.

DATA EXCHANGE AND STANDARDIZATION

At all stages of the design cycle described in the
introductory section, there exist opportunities
to store and exchange data on genetic designs,
including their structure (genetic sequences, X-
ray crystal structures, etc.), function (regulatory
relationships, chemical kinetic models, etc.),
and measurements (flow cytometry histograms,
microscope images, etc.), among other types of
data. Table 1 contains a list of BDA databases
and tools for storing and exchanging these data
types. In this section, we will briefly describe two
of the standards most widely used by these and
other BDA tools, and discuss how these stan-
dards facilitate data exchange in the examples
presented in this review.

The Synthetic Biology Open Language
(SBOL)

SBOL (Galdzicki et al. 2014; Roehner et al.
2016b) is an emerging data exchange standard
for synthetic biology with growing support
among BDA tools, including database tools
such as ICE (Ham et al. 2012) and the SBOL
Stack (Madsen et al. 2016). SBOL has been de-

Figure 3. Modeling and simulation results of a genetic AND gate and dual-feedback oscillator. (A) SBML
models are created in iBioSim for the AND gate and oscillator. The AND gate’s model is automatically
generated by converting the SBOL file produced by Cello to SBML. This model is then extended to include
the regulation by the proteins LacI and TetR, the complex formation of LacI and TetR with the small molecules
IPTG and aTc, respectively, and the regulation of the florescent protein YFP. The oscillator model is recon-
structed using information (e.g., parameter values, rate constants) from the SBML generated by GEC. (B)
Simulations are performed using both COPASI and iBioSim. Deterministic simulations are performed using
the LSODA ODE solver in COPASI. Stochastic simulations are performed in iBioSim using an implementation
of Gillespie’s SSA.
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veloped by members of the BDA and greater
synthetic biology communities to document ge-
netic components (DNA, RNA, protein, etc.) for
the purpose of engineering design. Unlike exist-
ing standards that were originally conceived for
documenting naturally occurring genetic se-
quences, such as FASTA (Pearson and Lipman
1988) and GenBank (Bilofsky and Christian
1988), SBOL can be used to document partial
genetic designs and recursively annotate the se-
quences of genetic components with other com-
ponents in a hierarchical fashion. These capabil-
ities of SBOL address the iterative, modular
character of engineering designs in a way that
current standards for genetic sequences neglect.
Furthermore, SBOL is an extensible standard
that can be adapted to meet the evolving needs
of the synthetic biology community, such as the
need to document the context-dependence of
functioning genetic systems.

In the examples presented in this review,
SBOL facilitates the exchange of design data
for the genetic AND gate. In particular, Cello
exports an SBOL file for the AND gate that is
imported and compiled by iBioSim into an
SBML model (Roehner and Myers 2014). This
model is then extended and simulated as de-
scribed above (see sections Data Analysis and
Simulation and Example). In this way, the
SBOL-documented structure and function of
the AND gate directly inform the creation of a
quantitative model of its chemical kinetics.

The Systems Biology Markup Language
(SBML)

SBML (Hucka et al. 2003) is a biological mod-
eling standard that has been developed by the
systems biology community and is currently
supported by more than 250 different software
tools. There also exists a public database for
storing and accessing SBML models known as
the BioModels database (Chelliah et al. 2013).
The primary goal of SBML is to enable intersoft-
ware exchange of most essential features of
models for biological systems, especially bio-
chemical models for describing cell signaling,
metabolism, and genetic regulation, among
other phenomena. Accordingly, SBML is a ma-

chine-readable Extensible Markup Language
(XML) that is independent of any proprietary
software language or particular analytical
framework (e.g., ODE or stochastic analysis).

In the examples presented in this review,
SBML enables models of the genetic AND gate
and dual-feedback oscillator to be simulated
across tools. In particular, models of the AND
gate and oscillator exported from iBioSim (My-
ers et al. 2009) can be imported and simulated
by COPASI (Hoops et al. 2006). This allows
users to take advantage of the analysis methods
that are unique to each tool without having to
translate their models between formats and risk
losing information. Even in the case when tools
adhering to a standard are unable to directly
exchange models because of implementation
errors or differences in support, the standard
can facilitate the recreation of models across
tools. This is currently the case when exchang-
ing SBML models between GEC (Pedersen and
Phillips 2009) and iBioSim. Even though the
oscillator model exported by GEC cannot be
directly imported into iBioSim, its SBML en-
coding permits a researcher to more easily in-
terpret and recreate this model in iBioSim.

CONCLUSION

As shown in this overview, great progress has
been made in design automation in synthetic
biology in a relatively short period of time
(,9 years at the time of writing as measured
by the first iGEM software competition). These
efforts have validated many approaches (Beal
et al. 2012), created interwoven design flows
(Galdzicki et al. 2014), and began to foster a
self-sustaining industrial development ecosys-
tem and associated academic discipline. How-
ever, much more work needs to be performed.
Examples include:

1. Specification—the specification of the de-
sired performance (e.g., timing, yield, ex-
pression level) of a biological system sepa-
rated from the behavior of that system
remains largely unaddressed. Formal lan-
guages for describing the diverse domains
in synthetic biology (e.g., metabolic net-
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works, genetic circuits, engineered organ-
isms) will need to be developed and related
to one another when appropriate. Abstrac-
tion terminology should also work toward
standardization.

2. Design—rules and constraints need to be
formally captured and shared more broadly.
These constraints need to be validated exper-
imentally and parameterized for specific
contexts (e.g., host organisms, environmen-
tal conditions).

3. Build—microfluidics and liquid-handling
robot platforms need to be more fully inte-
grated across the entire assembly process
(e.g., device design to organism growth). In-
terfaces for these devices need to be stan-
dardized and widely understood. Support
for “cloud labs” (emeraldcloudlab.com;
transcriptic.com) should increase and be
part of the software toolchain.

4. Test—standardized assays amendable to
BDA tools should be encouraged and ex-
pected of experimentalists in the field.
Measurement standards and metrics
(programmingbiology.org; Beal 2015)
should be developed and promoted.

5. Learn—large-scale data mining and storage
need to be available to communities outside
of synthetic biology so that experts in these
fields can apply the latest analytical methods.

Recently SBOL has been adopted by the ACS
Synthetic Biology journal (Hillson et al. 2016) as
an acceptable format to submit along with
research manuscripts. This represents an im-
portant milestone in the promotion of BDA
principles.

In addition, curated open-source software
efforts related to BDA may prove valuable for
academics as a means to sustain their software
over long periods of time and unpredictable
funding climates. These may also be useful for
industry looking to benefit from early technical
advances with little upfront development
costs. The Nona Research Foundation (see
nonasoftware.org) is a U.S.-based nonprofit
that looks to provide open-source software to

the entire community (academic and industri-
al). This organization and others like the Bio-
Bricks Foundation and BioBuilder can also
serve as educational hubs to communicate the
importance of BDA.
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