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Introduction
ABSTRACT: Biological systems contain complex metabolic
pathways with many nonlinearities and synergies that make
them difﬁcult to predict from ﬁrst principles. Protein synthesis is a canonical example of such a pathway. Here we show
how cell-free protein synthesis may be improved through a
series of iterated high-throughput experiments guided by a
machine-learning algorithm implementing a form of evolutionary design of experiments (Evo-DoE). The algorithm
predicts fruitful experiments from statistical models of the
previous experimental results, combined with stochastic
exploration of the experimental space. The desired experimental response, or evolutionary ﬁtness, was deﬁned as the
yield of the target product, and new experimental conditions
were discovered to have 350% greater yield than the
standard. An analysis of the best experimental conditions
discovered indicates that there are two distinct classes of
kinetics, thus showing how our evolutionary design of
experiments is capable of signiﬁcant innovation, as well
as gradual improvement.
Biotechnol. Bioeng. 2011;108: 2218–2228.
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The pioneering work of Nirenberg and Matthaei (1961)
demonstrated that cell-free protein synthesis is possible, that
is, synthesis of proteins without the entire machinery of a
living cell. Since then, considerable progress has been made
in reﬁning cell-free systems (Katzen et al., 2005; Zubay,
1973), partly toward a better understanding (Underwood
et al., 2005), and partly toward increasing productivity. The
use of in vitro translation systems can have advantages over
in vivo gene expression when the over-expressed product is
toxic to the host cell, when the product is insoluble or forms
inclusion bodies, or when the protein undergoes rapid
proteolytic degradation by intracellular proteases. In vitro
synthesis of proteins in cell-free extracts is an important tool
for molecular biologists and has a variety of applications,
including the rapid identiﬁcation of gene products (e.g.,
proteomics; Goshima et al., 2008; Sitaraman and Chatterjee,
2009; Woodrow et al., 2006), mutational studies (Chambers
et al., 1993; Ifﬂand et al., 2005), protein folding studies
(Jiang et al., 2008; Liguori et al., 2008), incorporation of
modiﬁed or unnatural amino acids for functional studies
(Cornish et al., 1994; Klarmann et al., 2007), and
investigation of protein–protein (Abe et al., 2007; He and
Wang, 2007; Oyama et al., 2006) and antibody epitope
mapping (Delbecq et al., 2006; Osada et al., 2009). Cell-free
systems for in vitro gene expression and protein synthesis
have been described for different prokaryotic and eukaryotic
systems (Anderson et al., 1983; Pelham and Jackson, 1976).
The most frequently used cell-free translation systems
consist of extracts from rabbit reticulocytes, wheat germ,
ß 2011 Wiley Periodicals, Inc.

and E. coli. Despite recent advancement, in vitro protein
synthesis is severely impaired by low yield and reproducibility; for example, standard in vitro systems produce
picomole (or nanogram) amounts of protein per 50 mL
reaction. This yield is sufﬁcient for some types of analyses,
such as polyacrylamide gel separation, Western blotting,
immunoprecipitation and, depending on the protein of
interest, enzymatic or biological activity assays. However,
the industry standard to produce large-scale amounts of
protein relies on large reactors containing bacteria that overexpress the protein of interest. Recently, a number of
methods have been developed to increase overall yield of in
vitro protein expression to a preparative scale and to
improve protocol reproducibility (Forstner et al., 2007; Kim
et al., 1996; Ozawa et al., 2004; Spirin et al., 1998; Wang
et al., 2008).
Although in vitro protein synthesis systems are remarkably simpler than whole-cell expression systems, they rely on
a complex network of interacting factors (i.e., 70S or 80S
ribosomes, tRNAs, aminoacyl-tRNA synthetases, initiation,
elongation and termination factors, amino acids, energy
sources, energy regenerating systems, and other co-factors)
that deﬁne a high-dimension compositional space.
Sequential adjustment of single factors cannot be effective
to optimize the synthesis process (e.g., total yield) since the
presence of strongly nonlinear interactions among factors
require simultaneous adjustment of parameters. Strong,
nonlinear interactions between factors complicate our
understanding of the system, and therefore prevent any
optimization using models derived from ﬁrst principles.
Here we demonstrate that an intelligent evolutionary
search procedure, Evo-DoE (Caschera et al., 2010; Theis
et al., 2006), using a combination of statistical modeling and
intelligent stochastic exploration, can make signiﬁcant
improvements in target protein yield. After eight iterations
of sparse but intelligent sampling of the high dimensional
experimental space, we see 350% greater yield over the
standard. We also observe that our best experiments show
two distinct classes of kinetics that underlie the improved
response of the in vitro protein synthesis system.

Materials and Methods
Reagents
Water DNase RNase free, hydrochloric acid 37%, HEPES
buffer, potassium hydroxide, all the 20 standard canonical
amino acids in powder, phosphoenolpyruvate (PEP),
glucose, b-nicotinamide adenine dinucleotide (NAD),
and magnesium chloride were purchased from SigmaAldrich (Milan, Italy). The stock solutions of amino acids,
PEP, glucose, b-nicotinamide adenine dinucleotide, and
magnesium chloride were stored in Eppendorf tubes 1.5 mL
at 208C after preparation and thawed before performing
each experiment. The enhanced green ﬂuorescent protein
(eGFP) used to calibrate the experiment using a standard

curve was purchased from Biosensis (Thebarton, South
Australia). The lyophilized DNA library was synthesized
by Explora S.r.l. (Rome, Italy) and stored at 208C after
rehydration with water. The ExpresswayTM Maxi Cell-Free
E. coli Expression System was purchased from Invitrogen,
Milan. The robot workstation used Rainin tips GPS-L250
SPACE SAVER 960PZ purchased from Elettrofor S.a.s.
(Rovigo, Italy). The reactions for protein synthesis
were performed in 384-well plate black purchased from
Sigma-Aldrich.

Solutions
A 50 mM HEPES solution was prepared at pH 7.5 with a
solution 5 M potassium hydroxide. PEP, glucose, nicotinamide adenine dinucleotide, magnesium chloride, and
glucose powders were dissolved in HEPES 50 mM pH 7.5
at the desired concentration. Separate stock solutions at 3 M
were made for each amino acid. The amino acids mixture
minus methionine, needed for the synthesis reaction, was
prepared by mixing together 17 mL from each 3 M stock and
then diluted with 415 mL of 5 M KOH, achieving a clear
solution with ﬁnal amino acid concentration of 69 mM each.
The solution was diluted with HEPES 50 mM, pH 12, KOH
at the concentrations required in the experiment.
Methionine was dissolved in HEPES 50 mM, pH 12,
KOH at the desired concentrations. The cellular extract
was thawed and diluted 1:1 with water.

High-Throughput Protocol
The high-throughput experiment was performed with a
robotic workstation for liquid handling, Xiril 75-1-2
(Hombrechtikon, Switzerland). The hardware layout used
was assembled speciﬁcally for the experimental protocol
used. The Eppendorf tubes 1.5 mL that contain the stock
solutions were set in 32 position racks for 1.5 or 2 mL
microfuge tube with lids. The racks were purchased from
Xiril. Two premixes with different concentrations of the
ingredients PEP, glucose, magnesium chloride, and nicotinamide adenine dinucleotide (NAD) were made as follows.
From concentrate solutions prepared in 1.5 mL Eppendorf
tubes, PEP (0.8, 0.6, and 0.3 M), glucose (1.6, 0.8, and
0.4 M), magnesium chloride (0.8, 0.6, and 0.3 M), and NAD
(0.03, 0.02, and 0.009 M) were dispensed 20 mL each into the
target positions in a 384-well plate according to a well-map
producing the premixes at the desired concentrations. After
preparation of the premix (40 mL per well), the plate is
removed and stored at 48C. Twenty-four microliters of
reaction buffer, 24 mL of diluted E. coli cellular extract, 5 mL
of amino acid mix, 5 mL of methionine, 5 mL of plasmid
DNA and 1.2 mL of T7 polymerase solution were dispensed
according to the well-map. The distribution of all solutions
was handled by the robotic workstation except for the T7
polymerase. All the sources of stock solutions were
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contained in 1.5 mL Eppendorf tubes set in 32 position racks
for 1.5 mL tubes.
The ﬂuorescence intensity of the reaction mixtures was
measured (t ¼ 0 min) and the reactions were then incubated
in a thermoshaker at 378C for 30 min. A second ﬂuorescence
reading was taken (t ¼ 30 min) and the well-plate was placed
again in the robotic work station. Thirty microliters feed
buffer, 5 mL amino acid mix, 5 mL methionine solution, 9 mL
from PEP–glucose premixes and 9 mL from magnesium
chloride–NAD premixes were added and the well-plate was
then returned to the thermoshaker at 378C to continue the
reaction. Additional time points were taken by ﬂuorescent
measurement at 90 and 120 min. After this the well-plate was
put again in the robotic workstation. Nine microliters PEP–
glucose premixes and 9 mL magnesium–NAD premixes were
added to the reaction mixtures according to the well-map.
eGFP synthesis by ﬂuorescence was then measured at
t ¼ 180, 240, 300, and 360 min. To avoid undesired noise in
protein synthesis efﬁciency due to multiple cycles of freezing
and thawing of reagents in each experiment (generation),
the solutions of E. coli cellular extract, reaction buffer and
feed buffer stored at 808C were thawed only once and then
immediately used in the experiment. The same lot of cellular
extract was used for all the experiments.
Modeling Protocol
In choosing random samples throughout all generations, the
probability distribution over the experimental space was
shaped to make choices near experiments already chosen less
probable. Speciﬁcally, the probability of an experiment to be
sampled was proportional to the Euclidean distance between
such experiment and the closest already sampled one. The
probability distribution was recomputed after sampling
every experiment, and a previously sampled experiment
could not be resampled. Predictions of experiments were
obtained from a neural network model (learned with backpropagation using nnet in the R language after standardizing
all inputs and normalizing the output to the [0,1] interval)
with 16 inputs and one output (each DNA type was regarded
as a separate dimension, taking on either zero or one, with
the constraint that only one of these dimensions could be
non-zero, yielding a 16-dimensional input space). Each
neural network was constructed with particular metaparameter values (weight decay and number of hidden nodes).
The model’s metaparameters were selected using a bagging
process (Breiman, 1996), repeating the model learning on
40 different data sets, each being a different random sample
of 90% of the observed experiments, and 10 times on
each data set. Each conﬁguration of metaparameters was
then assigned a quality measure, calculated as the median
correlation between the remaining 10% observations and
the corresponding predictions over all the repeats. Predicted
experiments for generations two through four used a
predicted-ﬁtness-proportional sampling criterion, which
consisted in predicting the ﬁtness of all unobserved
experiments (from the total of 1,572,864 experiments in
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the space) and then sampling them with a probability
proportional to their predicted ﬁtness; generation ﬁve was
created with the same criterion applied after raising the
predicted ﬁtnesses to the 2nd power in order to bias the
choice toward higher ﬁtness; generation 6 was created with
the same criterion as generation 5, but raising the predicted
ﬁtnesses to the 4th power; generation seven was created
applying the predicted (raw) ﬁtness-proportional criterion,
used for generations two to four, but only to the predicted
top 1/1,000 experiments; the last generation was created
with the same criterion as generation seven, but applied to
the predicted top 1/10,000 experiments.

Results and Discussion
We begin with an established cell-free protein synthesis
system and aim to increase the system’s yield through a
process of optimization. The cell-free system we use as a
standard is available as a kit from Invitrogen, based on
developments reported in the literature (Kim et al., 1996). It
uses a cell extract from E. coli (Zubay, 1973), which contains
all the cellular components needed for transcription and
translation. In addition, it is necessary to feed the molecular
machineries involved in the transcription and translation
processes with a continuous ﬂow of fresh ATP (Calhoun and
Swartz, 2007; Kim and Swartz, 1999). This, in turn, requires
the use of several enzymes to produce a cell-free metabolism
with all the relevant pathways derived from prokaryotic
cells, with the addition of an ATP regenerating system
(Calhoun and Swartz, 2007; Kim and Swartz, 1999, 2001;
Kim et al., 2006; Lesley et al., 1991; Studier et al., 1990). The
target protein is eGFP, and the yield is measured by a
ﬂuorometric assay. This assay measures the presence of only
fully functional (folded) protein, so that the process of
refolding and protein maturation is part of the optimization.
The observed ﬂuorometric signal deﬁnes a response
surface over a space of experimental variables that are
varied during the optimization process. The experimental
response function, or ﬁtness function f, was deﬁned as
f ¼ maxðF t Fbt Þ, where Ft is the ﬂuorescence of the
t
experiment at time t, and Fbt is the ﬂuorescence of a blank
well at the same time.
In our iterated high-throughput experiments, each
generation is a set of experiments that takes place in a
384-well plate. In the in vitro protein expression system,
there are many parameters that could be varied independently or simultaneously in an attempt to improve protein
yield. Also, there is no deﬁnitive list of the chemical
components present in the E. coli cell extract. This implies a
design of experiments problem with an extremely highdimensional experimental space and noise due to unspeciﬁed components from the extract. A drastic reduction of
the experimental space is obtained by ﬁxing the relative
ratios of all the amino acids, except for methionine. Also, we
diluted one of the more expensive components of the
system, the E. coli extract, on the order of 1:1. This was done
(1) to create a suboptimal condition that our system could

then optimize (2) to enable more experiments using less
reagent, and (3) to help minimize the cost of each
experiment.
Table I lists the components of our system that we
optimized, as well as the experimental space. The system is
divided into four modules, each added at different times.
Each module is made of two or more components, and its
composition may be varied during the optimization process.
The protocol starts with module one, at time t ¼ 0. At
t ¼ 30 min, module two is added. Then modules three and
four are added according to two variable timing parameters,
either at t ¼ 30 min or at t ¼ 120 min. All values specify
concentration (mM), except DNA, which varies between six
different constructs as described below, and the ﬁnal two
parameters, which are the times that module 3 and module 4
were added. Bold values deﬁne the standard. The ﬁnal
column indicates the short name used for each experimental
coordinate. A particular experiment is obtained by
specifying values for each of the variable components, that
is, by specifying a vector of values (DNA, AA0, AA30, M0,
M30, PEP, Mg, G, NAD, T1, T2). Thus the experimental space
may be considered to have 11 dimensions, and the number
of possible experiments in the experimental space, after it
has been discretized as shown in Table I, is simply the
number of possibilities for each variable component
multiplied together, or 6  48  22 ¼ 1,572,864. We simultaneously vary three types of parameters: (i) concentrations
of particular ingredients, with values shown in mM units,
(ii) DNA construct, and (iii) timing parameters that
determine when modules three and four are added.
The sequence of the DNA construct greatly inﬂuences the
functionality of the cell-free system, for instance small
terminators sequences for the T7 polymerase are shown to
effect the multigene expression in vitro and in vivo (Liping
et al., 2009). Cell-free protein expression is a multi-step
Table I.

process involving mRNA synthesis and subsequent translation of the gene of interest (GOI) encoded in a suitable
DNA template that also contains the proper context of
transcription and translation regulatory elements, including
an RNA polymerase promoter, the Shine-Dalgarno ribosome binding site (RBS), an ATG initiation codon, the GOI,
a stop codon (TAA), and ﬁnally a transcription terminator,
as illustrated in Figure 1. Although these regulatory elements
and their reciprocal locations are well-characterized, spacer
regions (L1, L2, and L3 in number of nucleotides) between
regulatory elements may affect transcription and translation
yield by inﬂuencing enzyme accessibility and processivity
during mRNA synthesis and protein expression. The lengths
of these three spacer regions are the parameters varied to
obtain the six variations of DNA, as described in Table II. All
spacers, except for spacer L1 in sequence E, were designed
through incremental addition around a common core
sequence (Table II) to minimize the inﬂuence of nucleotide
composition and order on experimental outcomes.
Conversely spacer L1 in sequence E was designed to basepair with the upstream RBS. Other variables related to the
DNA and the transcription/translation process, such as
mRNA secondary structure and content of the coding
region, codon usage, and 50 and 30 -UTR (untranslated
region), may also deeply affect the overall process by
inﬂuencing messenger stability and accessibility to the
translation machinery. These variables are mainly genespeciﬁc and must be optimized for each GOI independently.
In contrast, we focus here on the optimization of general
regulatory elements common to any DNA template, so that
results may be generally applicable to a broad range of target
proteins.
Six different types of DNA used were obtained by varying
the length and nature of the spacers between the ribosome
binding site, the ATG initiation codon, the coding region,

Description of ﬁxed elements of the protocol, together with those that are varied, deﬁning the experimental space.
Component

Levels

Experimental components and deﬁnition of the experimental space
Module 1
E. coli extract optimized for increased stability of DNA constructs during
transcription and translation and increased production of soluble protein
Module 1
Reaction buffer, composed of an ATP regenerating system to provide an energy
source for protein synthesis
Module 1
A T7 Enzyme Mix containing T7 RNA polymerase and other components
optimized for T7-based expression from DNA templates
Module 2
An optimized feed buffer containing salts and other substrates to replenish
components depleted or degraded during protein synthesis
Module 1
DNA sequence variations
Module 1
Amino acids (except methionine)
Module 2
Module 1
Methionine
Module 2
Module 3
Phosphoenolpyruvate (PEP)
Module 3
MgCl2
Module 4
Glucose
Module 4
NAD
Time for application of module 3
Time for application of module 4

Name

Not varied
Not varied
Not varied
Not varied
A, B, C, D, E, F (types)
1.25, 2.5, 3, 4 mM
1.25, 2.5, 3, 4 mM
1.5, 3, 3.6, 4.8 mM
1.5, 3, 3.6, 4.8 mM
0, 12, 23, 30 mM
0,12, 23, 30 mM
0,15, 30, 60 mM
0, 0.32, 0.65, 1 mM
30, 120 min
30, 120 min
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DNA
AA0
AA30
M0
M30
PEP
Mg
G
NAD
T1
T2
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Figure 1.

General structure of a DNA template for cell-free protein expression, with the universal regulatory elements for the transcription/translation process: after an RNA
polymerase promoter (gray arrow), a ribosome binding site (gray octagon), followed by the gene of interest, and ﬁnally the RNA transcription terminator region (gray octagon). L1, L2,
and L3 are spacer regions between regulatory elements, and their lengths are varied within the experiment, as described in Table II. The ﬁrst transcribed nucleotide is marked with a

, just downstream from the RNA polymerase promoter.

and the stop codon. Sequence A was designed according to
the guidelines ﬁrst published by Studier et al. (1990), and
represents the standard for the optimization process. We
designed sequences from B to D with different spacer
region lengths in order to investigate regulatory elements’
reciprocal positioning and their inﬂuence on overall yield.
We designed sequence E with an L1 spacer complementary
to the ribosomal binding site in order to form a stable
hairpin structure with RBS. It is expected that this mRNA
secondary structure element will inﬂuence translation
initiation. Finally, we designed sequence F with spacers of
suboptimal length, so that the RNA polymerase docking on
DNA template and the ribosome minor subunit docking on
correspondent mRNA cannot occur simultaneously, thus
decoupling the transcription/translation process.
Since the experimental space contains more parameters
than those found in the standard, some of the concentration
parameters for the standard are zero (in column 3 of
Table I), indicating that the relevant component is
omitted from the standard. Several results in the literature
motivated our use of additional ingredients not found in the
standard. For example, there is a potential problem

Table II.

regarding the inorganic phosphate produced during the
translation event. If inorganic phosphate is not recycled, the
reaction becomes inhibited, because phosphate sequesters
the dissolved magnesium ions that are needed for the
functionality of the enzymes that catalyze energy production
and recycling of waste products (Calhoun and Swartz, 2005).
This motivates the addition of magnesium chloride in
module three, with variable concentration and time of
addition, as indicated in Table I. Another aspect to be
considered in designing metabolic reactions for protein
production in vitro is the pragmatic value of using an
energy source other than ATP. Alternatives that have
been investigated include glucose-6-phosphate (Kim et al.,
2007a), fructose-1,6-bisphosphate or creatine phosphate
(Kim and Swartz, 2000; Kim et al., 2007b), support the
addition of PEP in module three. Besides the direct addition
of PEP, we allowed the addition of glucose in module
four to enable the use of glycolytic reaction pathways to
produce ATP, in its interaction with other substances in
the undeﬁned composition of the cell extract. Studies
focused on understanding the chemical variables that
most inﬂuence protein yield have reported an important

Deﬁnition of the DNA variants used.

DNA construct

L1 (bp)

L2

L3

DNA variations
A
B
C
D
E
F

15
15
20
20
15
5

7
10
7
10
7
5

50
50
50
50
50
4

Space class

Length (bp)

Spacer sequences
L1

5
15
20
15
L2
5
7
10
See Figure 1 for location of the spacers, L1, L2, and L3. Common
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Sequence
GTTTA
ATTGTTTAACTCTA
ATCATATTGTTTAACTCTA
TATCTCCTTCTTTAA
TACAT
TATACAT
TATTATACAT
core sequences are underlined.
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Comments
Standard

Stable hairpin secondary structure masking RBS
Negative standard, spacers of suboptimal length
Comments

Forms stable hairpin with RBS

dependence of the reaction productivity on the concentrations of pyruvate, amino acids, and co-enzymes. Signiﬁcant
responses were also observed with the degradation of amino
acids and the hydrolysis of the ATP molecules in the absence
of protein synthesis, as well the recovered activity when the
reaction mixture was supplied with the addition of those
components. In addition, the studies showed a positive
effect on protein production depending on the concentration of co-factors such as NAD, CoA, and creatine
phosphate. These studies are the primary motivation for
adding the NAD in module four.
After establishing the space of possible experiments, as
described in Table I, we began the optimization process. The
ﬁrst generation consisted of 49 randomly chosen experiments, that is, 49 random choices for a vector of values
(DNA, AA0, AA30, M0, M30, PEP, Mg, G, NAD, T1, T2), along
with the standard. In all subsequent generations, random
selection of experiments was complemented by selection
according to the predictions of the model of ﬁtness across
the entire experimental space; this model is built on the data
collected in all preceding experiments. The experimental
space is so large that the optimization procedure must make
a compromise between exploration via random choice and
exploitation of structure in the data gathered in previous
experiments. Consequently, from the ﬁrst generation to the
ﬁnal generation, an annealing took place, ranging from pure
random choice in the ﬁrst generation to a choice based
exclusively on the predictive model in the last generation.
Intermediate generations had a mixture: 5 random and 19
predicted in generations 2–6; 2 random and 19 predicted in
generation 7.
Models are commonly used in design of experiments
(Caschera et al., 2010), but their use here to provide virtual
experimental results and adaptively establish the trade-off
between exploration and exploitation is novel. Our use of
Evo-DoE is an enhanced version of the techniques used
recently in a different optimization experiment (Forlin et al.,
2008), and goes beyond the use of standard (Corma et al.,
2005) or model-assisted (Stein, 1999) genetic algorithms for
evolutionary design of experiments. Our approach is similar
to a family of iterative nonlinear optimization techniques
that employ kriging models (Jones et al., 1998) to interpolate
experimental observations (Cawse et al., 2010). In these
models, the response is assumed to be the sum of a
polynomial function and a term that represents a systematic
deviation from the polynomial. At every iteration, krigingbased optimization techniques extract from the former
component of the model a prediction of the global ﬁtness
landscape’s topology and from the latter component a
measure of the prediction’s local uncertainty. This
information is then used to build up a utility function on
the experimental space, whose optima deﬁne the sampling
criterion for the experiments of the following iteration
(Sasena et al., 2005). Evo-DoE differs by employing a
combination of two separate stochastic sampling criteria,
the one based on the predictions of a more sophisticated
class of interpolating model and the other one on a distance

matrix built on all previously sampled experiments (as
described below).
Each model has inputs that correspond to each of the
dimensions of the experimental space, and an output that
predicts experimental ﬁtness. The models used were neural
networks, with meta-parameters adjusted each generation
using a bootstrapping technique described below in the
Materials and Methods Section. Once the model for a given
generation was built, it was used to predict the ﬁtness of
every untried experiment in the space (1.5  106 experiments), a version of virtual experimentation that is vastly
less time-consuming than conducting real experiments. The
next generation of real experiments was determined by
sampling this distribution of predicted experimental results,
with a bias toward high ﬁtness experiments, as described in
the Materials and Methods Section.
The evolutionary progress of the experimental population’s ﬁtness is shown in Figure 2. The predictive
models became increasingly accurate, starting with a linear
correlation of 20% (between out-of-sample predicted
ﬁtness and actual ﬁtness), and ending with a linear
correlation of 90%. Table III shows the explicit speciﬁcation of the top 12 experiments after the last generation of the
evolutionary learning run, as well as the standard (S).
Figure 3 shows evolutionary learning as represented by
the level of occurrence of particular values for experimental
coordinates within the population of experiments conducted each generation. Signiﬁcant learning begins around
generation 5, even though a signiﬁcant ﬁtness increase may
not be observed until following generations, as illustrated in
Figure 2. Changes in the percentage representation are
concrete evidence that the predictive evolutionary algorithm
is succeeding in its learning task; if no learning were taking

Figure 2. Progress of the predictive evolutionary algorithm over eight generations: experimentally measured ﬁtness as a function of evolutionary time. The standard
(averaged over all repeats in each generation) is shown in black. Randomly chosen
experiments are shown in gray, experiments from the predictive model in light gray.
Fitness is averaged over repeats, when performed. [Color ﬁgure can be seen in the
online version of this article, available at http://wileyonlinelibrary.com/bit]
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Table III. Top 12 experiments discovered during the optimization
procedure, ordered by ﬁtness value.
Rank DNA AA0 AA30 M0 M30 PEP Mg

G

NADH

T1

T2

Top 12 discovered experiments
1
C
1.25 4
3
2
C
1.25 3
3.6
3
C
1.25 3
3.6
4
C
1.25 4
3
5
C
1.25 4
3.6
S
A
1.25 1.25 1.5

0
15
0
15
15
0

0
0
0.32
0.32
0.32
0

120
120
30
120
120
—

—
120
120
120
120
—

3
1.5
3.6
1.5
4.8
1.5

12
12
12
23
30
0

0
23
23
0
23
0

place, the percentage representations would ﬂuctuate
randomly, as they do in early generations.
Examination of the top experiments reveals certain
patterns. For example, most top experiments have common
values for ﬁve of the experimental coordinates (DNA ¼ C,
AA0 ¼ 1.25, AA30 ¼ 4, T1 ¼ 120, T2 ¼ 30). These values
comprise a ‘‘building block’’ discovered by the learning
algorithm, and they deﬁne a hyperspace of co-dimension
ﬁve in the experimental space, a region of higherthan-average ﬁtness. Figure 4 shows conditional ﬁtness

Figure 3.
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distributions (ﬁtness conditioned on the number of
experimental coordinates that match key values, deﬁned
as those values that are the same across the top ten
experiments), which illustrate both the average higher
ﬁtness within the hyperspace, and the fact that substantial
ﬁtness increase is obtained only when three or more of these
conditions are present simultaneously indicating that these
elements are synergetic in the sense that they produce high
ﬁtness only by working together. Most of the conditions
alone are seen to give a statistically signiﬁcant increase in
average ﬁtness, but this increase is extremely small when
compared to the gain when all conditions are satisﬁed
together. Further analysis has shown that the most
important key variable was the DNA type.
The evidence of signiﬁcant synergy between experimental
components in Figure 4 contradicts a conclusion drawn
from a different in vitro protein synthesis experiment
(Matsuura et al., 2009), where a coarse-grained statistical
model using the Bahadur expansion truncated after the
pairwise interaction terms could yield a value of the
coefﬁcient of determination R2 > 99% for the correlations
between predicted and observed responses (calculated on

Evolutionary learning dynamics: representation of particular experimental coordinate values in the population of experiments, for each generation.
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Figure 4. Illustration of synergy: conditional distributions of ﬁtness over all
experiments. Notches on each box show 95% conﬁdence intervals around the median.
Top experiments have key values for certain of the experimental variables (DNA ¼ C,
AA0 ¼ 1.25, AA30 ¼ 4, T1 ¼ 120, T2 ¼ 30). The distributions shown are conditioned on
the number of experimental coordinates that match the key values.

Figure 5. Two distinct classes of kinetics are observed in the top 30 experiments. The standard is shown with a dotted line, with error bars representing the
standard deviation from all repeats. Each curve is a smoothed quartic ﬁt of ﬂuorescence measurements taken at the eight time points as superimposed on the standard
line. Experiments with class one kinetics (plateau) are shown in gray, those with class
two kinetics (increasing) are shown in black.

64 observations). A similar analysis of our data, using a
polynomial model with the same terms as the above
Bahadur expansion, indicates R2  90% (calculated on 215
observations), and thus more strongly indicates the presence
of higher-order interactions in our system. However, it is
important to emphasize that the sample of the experimental
space is too sparse to make strong statements regarding the
order of the interactions, and in our case, the sample is
strongly affected by the model-based evolutionary learning
procedure used to explore the space.
Substantial insight into the structure of the ﬁtness
landscape is gained by observing the kinetics of each
experiment, that is, the temporal variation of ﬂuorescence
that indicates product yield. These kinetics are illustrated in
Figure 5, for the top 30 experiments ordered by ﬁnal
ﬂuorescence. Remarkably, we observe two distinct classes of
kinetics, both discovered by the predictive evolutionary
algorithm, and both kinetic classes differ substantially from
the standard, which gave a comparatively ﬂat, low response.
The ﬁrst class has kinetics that reach a plateau by the end of
the observations (t ¼ 360 min), after reaching a maximum
around t  120 min. The second class of kinetics displays an
initial decrease in yield, followed by a strong increase that
continues to the end of the observations. The high ﬁnal slope
of the kinetics of this second class of experiments suggests
that their maximal product yield (ﬁtness) might have been
substantially higher than any other experiments if our
observation period had been longer. This also suggests that

more selective pressure could be placed on the system to
improve the yield even further. It should be noted that the
ﬁtness function did not rate class two kinetics with a high
score, because the best class one kinetics had a maximum
ﬂuorescence value peak that exceeded the maximum value
achieved by the class two kinetics, as shown in Figure 5.
The underlying mechanism that explains these two classes
can be elucidated upon further experimentation. The eGFP
ﬂuorescence on which our ﬁtness function is based is
modulated by the efﬁciency of transcription, stability of the
mRNA, efﬁciency of translation, and folding and stability of
the protein. Each of these steps could be inﬂuenced by the
parameters varied in our experimental system. Therefore it
is not surprising that very different kinetic proﬁles can result
as experimental variables change. The shape of the line for
the ﬁrst kinetic class (gray, Fig. 5) appears as a standard
unregulated gene expression proﬁle. However, the proﬁle
for the second kinetic class (black, Fig. 5) shows delayed
expression, as if an inducer was added late to the system. No
such inducer was added, so perhaps the initial condition
resulted in suppression of protein expression which was
later overcome by the introduction of high amounts of
magnesium salt at t ¼ 120 min (compare Tables III and IV).
Also, it has been noted in at least one case that an initially
high concentration of amino acids (exempliﬁed in the
second kinetic class) may lead to inhibition of protein
production (Jefferson and Korner, 1969). We ﬁnd, however,
in Figure 3, that optimal yield is obtained with the lowest
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Table IV. Top four experiments with class two kinetics, ordered by ﬁnal
value of ﬂuorescence.
Rank DNA AA0 AA30 M0 M30 PEP Mg

G

NADH

T1

T2

Top experiments with class
1
F
4
4
2
F
4
4
3
D
4
1.25
4
C
4
4
5
B
4
4

60
60
15
15
0

0
0
0
0
0.32

120
120
120
120
120

30
30
30
30
30

two
3
4.8
1.5
3.6
4.8

kinetics
3
0
3.6 23
1.5 30
3.6
0
4.8 12

30
23
30
23
30

concentration of amino acids at the start of an experiment
and the highest amount then added after 30 min. A priori,
one would assume that maximizing the amount of amino
acids added to the system would maximize protein output.
Using our optimization approach, we were able to discover a
counterintuitive preference for the least amount of amino
acids at the beginning of the experiments in order to
produce the maximum amount of eGFP production. This
may support the case for inhibition of the initiation of
protein expression by high concentrations of amino acids. A
careful characterization of the protein expression system
with the deﬁned parameters discovered here should reveal
the underlying causes of this variation.
Table IV shows experiments from the top ﬁve of the
second kinetic class, ordered by ﬁnal ﬂuorescence. We see
that these experiments lie outside the high yield hyperspace
observed in the top experiments, sharing with the top
experiments only two out of the ﬁve key values (T1 ¼ 120,
T2 ¼ 30), and partially one of the other key values
(AA30 ¼ 4). These experiments also show strong representation of DNA values of types D and F, neither of which are
seen in the top experiments, and the latter of which (type F)
has spacer lengths that inhibit simultaneous docking of the
RNA polymerase and mRNA.
Visualization of high-dimensional spaces is not possible
directly, but some structure maybe be seen in Figure 6 shows
a dendrogram representation that uses clustering. All
experiments are represented as points in a Euclidean space,
with their coordinates normalized so that all points lie
within the unit cube. Then the closest points (using the
Euclidean norm) are aggregated to form clusters of pairs,
closest pairs are aggregated, and so on, till the aggregation
includes the entire space. Top experiments from the ﬁrst
kinetic class are identiﬁed with circles, and those from the
second class with crosses. Evidently, the experiments from
the ﬁrst kinetic class are more localized, and those from the
second kinetic class are spread more throughout the space,
that is, they occur in many clusters. This might indicate that
the experiments in the second kinetic class have more
potential for further optimization.
Regarding the DNA that was selected by the optimization
process, most templates perform similarly but sequence C
outperforms other templates signiﬁcantly. This template is
characterized by a long spacer between RNA polymerase
promoter and RBS (L1, 20 base pairs) and between the RBS
and start codon of the encoding region (L2, 7 base pairs).
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Figure 6. Dendrogram representation of all experiments showing clustering of
the ﬁrst kinetic class. The experimental space was transformed so that all experiments
lie in a unit cube, and the Euclidean metric was used to form the distances, which were
hierarchically clustered to build the dendrogram. Top experiments by value of ﬁtness
with class one kinetics are indicated with circles, and all experiments with class two
kinetics are indicated with crosses.

The observation of enhanced performance for this sequence
can be explained by the assumption that long spacers
minimize the unfavorable interaction between RNA polymerase and ribosome minor subunits during the coupled
transcription/translation process. Long spacers might therefore exert a positive synergistic effect increasing overall
process kinetics and yield. This explanation is supported by
the observation that DNA templates with short spacers (e.g.,
template F) display a slow initial kinetic with a prolonged lag
phase (the black curves in Fig. 5). It is noteworthy that on
average DNA template E—characterized by a stable hairpin
secondary that masks the RBS—performs as poorly as the
negative standard sequence F—characterized by suboptimal
spacers—and signiﬁcantly worse than the correspondent
template with readily accessible RBS (template A). Some
exceptions to this average behavior may also be observed;
remarkably, the negative standard sequence F appears in the
experiment with the strongest class two kinetics (cf.
Table IV). This supports the hypothesis that secondary
structure at the mRNA level may signiﬁcantly affect overall
performance as much as improper mutual location of
regulatory elements on the DNA template. Although DNA
template design seems to be a key parameter, absolute ﬁtness
and output reproducibility is deeply affected by other
experimental parameters, further supporting our conclusion
that optimal expression is ultimately described by synergic
effects of several components.

The experiments were quite reproducible, as seen in many
experimental repeats, both spatially (in different wells of the
384-well plate) and temporally (on different days). The
noise level on the repeats is seen explicitly in the error bars
around the standard, in Figure 5, and the noise level for
other repeats was comparable.

Conclusion
We have shown that complex experiments such as protein
synthesis may be optimized using an evolutionary learning
technique that combines stochastic exploration with
exploitation of structure discovered in the data by
construction of a predictive model that can be sampled as
a form of virtual experimentation. Examination of the
kinetics of the highest-yield experiments reveals that two
distinct classes of kinetics were discovered: one that reaches
a maximum ﬂuorescence and then plateaus, and another
that shows an initial decrease in ﬂuorescence followed by a
strong increase throughout the observation period. The ﬁrst
class of kinetics was relatively localized in the space of
experiments; the second was found in many separate regions
of the space. The space of possible experiments was large,
1.5  106, and an increase in yield of over 300% was
obtained by sampling only 0.014% of the space. There is
no guarantee that the best experimental results in the space
have been discovered; indeed, we expect that further
optimization is likely possible.
We believe that the optimized protocol found here for
speciﬁcally eGFP synthesis may be suboptimal for other
proteins and types of protein (i.e., hydrophobic and
membrane-bound proteins). However, the optimization
method (Evo-DoE) is general enough to optimize the
synthesis of other proteins. In addition, we expect that if the
constraints to encourage generalizability between proteins
were relaxed (e.g., individual variation of each amino, or
even the addition of non-canonical amino acids), further
optimization of a speciﬁc protein of interest should be
possible.
Evo-DoE may be compared to recent efforts to automate
scientiﬁc research using machine learning combined with
robotic technology (Waltz and Buchanan, 2009), namely,
the automated analysis of large quantities of experimental
data that is becoming available through genomics and
proteomics (King et al., 2004, 2009), and the discovery of
physical laws of mechanics (Schmidt and Lipson, 2009). Our
motivation is different; it aims to improve a desired
experimental result directly. Hypothesis generation for us is
secondary; we do not build and test an explicit logical model
relating system components. The only hypothesis we
generate is a set of new experiments, proposed by a
statistical model built from the data. In one way our goal is
more modest that the previous work, because we do not aim
to fully automate the scientiﬁc process and replace the
human scientist. For us, the human scientist provides
essential input in the design of the experimental space to be

explored, and ﬁnally, in the interpretation of results.
However, in another way our goal is more ambitious.
Instead of achieving results merely comparable to human
scientists, we achieve results that humans scientists ﬁnd
virtually impossible to obtain without our techniques.
Complex experiments such as protein synthesis tend to
yield limited results when directed by systematic application
of fundamental theory. We have shown how to direct
experiments by an automated intelligent Edisonian process
of trial and error. We expect that the increasing interest in
complex experiments and the continued improvement in
robotic automation of high-throughput experimentation
will lead to widespread use of our Edisonian approach.
The authors acknowledge John McCaskill and Hans Ziok for helpful
comments on the manuscript. The authors also acknowledge the
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