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Part libraries for complex 
synthetic biology



Lecture Content 

• Beyond BioBricks: scaling parts
• Promoter design & libraries
• Part design with the RBS Calculator
• Dealing with local sequence context
• Terminator libraries & design
• Transcription factor libraries
• CRISPRi repressors



Learning Objectives

• To explain methods to generate part libraries
• To understand how small RNA parts can be 

designed using mathematical methods
• To introduce the issue of context dependency
• To show solutions to scaling regulators
• To introduce CRISPRi methods



The iGEM Parts Registry
http://parts.igem.org/Main_Page

• 20000+ BioBrick-formatted parts
• But questionable quality and data unreliable

http://parts.igem.org/Main_Page


SynBERC, Addgene & BIOFAB

The alternative to iGEM is professional registries:
• SynBERC: a registry for some US synthetic biology
• Addgene: company to aid sharing published plasmids
• BIOFAB: a US effort to make professional parts



• Constitutive expression of a repressor that shuts off 
a downstream promoter

• Basic ‘wire’ device in synthetic gene networks
• Logic function: NOT

• Scaling: why can’t we make 100 working inverters?

Our example: Inverter Network



Bacterial systems: E. coli

• Unless stated all content in this lecture is for 
parts and devices that work in E. coli

Parts and devices made 
for E. coli may not work in 
other bacteria and almost 
always don’t work in 
eukaryotes like yeast and 
mammalian cells

… and vice versa



Constitutive Promoters

• Promoter design is a straightforward example 
of how to make a library of parts

• For constitutive E. coli promoters there are 2 
main methods:

-35 consensus -10 consensus

(a) Conservative mutation of 
consensus sequences

(b) Liberal mutation of sequences 
between the consensus sites using ‘N’ bases
‘Synthetic Promoter Library’ method: Jensen & Hammer 1998



Constitutive Promoter Libraries

• Constitutive E. coli promoters are short 
enough to be encoded on a primer

• Library can be made in a few days at low cost 

PCR 
around 
plasmid

GATCNNNNN

Ligate & 
transform

E. coli

Select diverse 
colonies

Measure & Sequence



Anderson Promoter Library

• Example of promoter library made by method #1
• http://parts.igem.org/Promoters/Catalog/Anderson

http://parts.igem.org/Promoters/Catalog/Anderson


Ribosome Binding Sites

A part so small that possibly it could be designed….



Designing Ribosome Binding Sites

NATURE BIOTECHNOLOGY VOLUME 27 NUMBER 10 OCTOBER 2009 947

L E T T E R S

Given a specific mRNA sequence—called the sub-sequence— 
surrounding a start codon, $Gtot is predicted according to an energy 
model (equation (2)), where the reference state is a fully unfolded 
sub-sequence with G = 0.

$ $ $ $ $ $G G G G G Gtot mRNA:rRNA start spacing standby mRNA� � � 
 

 
(2)

$GmRNA:rRNA is the energy released when the last nine nucleotides 
(nt) of the E. coli 16S rRNA (3`-AUUCCUCCA-5`) hybridizes and  
co-folds to the mRNA sub-sequence ($GmRNA:rRNA < 0). Intramolecular  
folding within the mRNA is allowed. All possible hybridizations 
between the mRNA and 16S rRNA are considered to find the highest 
affinity 16S rRNA binding site. The binding site minimizes the sum 
of the hybridization free energy $GmRNA:rRNA and the penalty for 
 nonoptimal spacing, $Gspacing. Thus, the algorithm can identify the 
16S rRNA binding site regardless of its similarity to the consensus 
Shine-Dalgarno sequence.

$Gstart is the energy released when the start codon hybridizes to the 
initiating tRNA anticodon loop (3`-UAC-5`).

$Gspacing is the free energy penalty caused by a nonoptimal physi-
cal distance between the 16S rRNA binding site and the start codon 
($Gspacing > 0). When this distance is increased or decreased from an 

optimum of 5 nt (or ~17 Å)29, the 30S complex becomes distorted, 
resulting in a decreased translation initiation rate.

$GmRNA is the work required to unfold the mRNA sub-sequence 
when it folds to its most stable secondary structure, called the mini-
mum free energy structure ($GmRNA < 0).

$Gstandby is the work required to unfold any secondary structures 
sequestering the standby site ($Gstandby < 0) after the 30S complex 
assembly. We define the standby site as the four nucleotides upstream 
of the 16S rRNA binding site, which is its location in a previously 
studied mRNA28.

To calculate $GmRNA:rRNA, $Gstart, $GmRNA and $Gstandby, we use 
the NUPACK suite of algorithms32 with the Mfold 3.0 RNA energy 
parameters22,23. These free energy calculations do not have any addi-
tional fitting or training parameters and explicitly depend on the 
mRNA sequence. In addition, the free energy terms are not ortho-
gonal; changing a single nucleotide can potentially affect multiple 
energy terms. The relationship between the spacing and the $Gspacing 
was empirically determined by measuring the protein expression level 
driven by synthetic RBSs of varying spacing and fitting a quantitative 
model to this data (Online Methods, Supplementary Table 1 and 
Supplementary Fig. 2).

For an arbitrary mRNA transcript, the thermodynamic model 
(equation (2)) is evaluated for each AUG or GUG start codon. The 
algorithm considers only the sub-sequence of the mRNA transcript 
consisting of 35 nucleotides before and after the start codon. This  
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Figure 1 A thermodynamic model of bacterial translation initiation.  
(a) The ribosome translates an mRNA transcript and produces a protein 
in a multistep process: the assembly of the 30S complex (box), initiation, 
elongation, termination, and the turnover of ribosomal subunits and  other 
factors. (b) The thermodynamic free energy change during 30S complex 
assembly is determined by five molecular interactions that participate in 
the initial and final states of the system. The Watson-Crick base pairs and 
G:U wobbles (red lines) are shown.

Figure 2 A ribosome binding site design 
method. (a) Reverse engineering. The 
method predicts the relative translation 
initiation rate (red) of an RBS upstream  
of a given protein coding sequence (blue). 
The $Gtot is the free energy change before 
and after the 30S ribosomal complex 
assembles on the mRNA. Equation (1) 
predicts a linear relationship between the 
log protein fluorescence and the predicted 
$Gtot. (b) Red fluorescence protein 
reporter expression driven by 28 natural 
or existing RBSs compared to predicted 
$Gtot calculations. Error bars are s.d. of six 
measurements performed on two different 
days. Linear regression R2 = 0.54 with 
slope B = 0.45 ± 0.05. (c) Histogram of the 
distribution of error in the predicted $Gtot, 
denoted by |$$G|, of the sequences in b.  
The average of this distribution is  
2.11 kcal/mol. (d) Forward engineering.  
A simulated annealing optimization 
algorithm iteratively mutates an RNA 
sequence until a target $Gtot is found.  
(e) RFP expression driven by 29 synthetic 
RBSs compared to the predicted $Gtot 
calculations. Error bars are s.d. of at least five measurements performed on two different days. Linear regression R2 = 0.84 with slope B = 0.45 ± 0.01.  
(f) Histogram of the distribution of the error, |$$G| from e. The average of the distribution is 1.82 kcal/mol and fits well to a one-sided Gaussian 
distribution (red line) with s.d. S = 2.44 kcal/mol.
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• Rate of translation largely determined by rate of 
translation initiation

• Initiation rate determined by interactions between RBS 
sequence on the mRNA and the part of the16S rRNA
within the ribosome    

• Therefore rate is largely determined by RNA:RNA interactions



RNA:RNA interactions at RBS
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Reeve et al. Predicting translation initiation rates

FIGURE 1 | An illustration of the translational initiation elements
encoded in the 50 untranslated region (50-UTR) of an mRNA
(A), and the three major events that affect prokaryotic translation
initiation (B), following the model described by Na and Lee

(2010). All three calculators estimate translation initiation by

considering the difference in free energies between the initial state

(unbound mRNA folded into secondary structures) and final (mRNA

bound to a ribosome) state.

global folding and unfolding of transcribed mRNAs, whose
secondary structures can hinder the binding of the ribosome:
during translation initiation the transcribed mRNA folds in
and out of the secondary structures, which may interfere with
ribosome binding (de Smit and van Duin, 1990). Secondly,
the regional folding and unfolding of nucleotides in the RBS
region: the ribosome docking site (RDS), a sequence roughly
30 nucleotides around the start codon, must be unfolded and
exposed for the ribosome recognition sequence to bind. Lastly,
there is the efficiency of ribosome binding itself, which is deter-
mined by the binding affinities between the SD sequence and
the complementary 16S rRNA anti-SD sequence (Na et al.,
2010).

RIBOSOME BINDING MODELS AND CALCULATORS
Three different translation rate calculators have been developed.
The first, released in 2009 and updated in 2011 is the RBS Calcula-
tor (Salis et al., 2009). Next is the RBS Designer (Na and Lee, 2010)
and in 2013, Seo et al., developed the UTR Designer. The RBS Cal-
culator uses a statistical thermodynamic model considering free

energies for key molecular interactions in translation initiation
to give an estimation of translation rate. The UTR Designer uses
a very similar model while the RBS Designer makes similar free
energy calculations but has a somewhat different method for cal-
culating the translation rate. To find free energy values for mRNA
secondary structures and interactions between mRNA and rRNA,
all three use secondary software suites. Version 1.0 of the RBS Cal-
culator and the UTR Designer use the NUPACK suite (Zadeh et al.,
2011). Version 1.1 of the RBS Calculators instead employs Vien-
naRNA (Gruber et al., 2008). The RBS Designer uses UNAFold
(Markham and Zuker, 2008).

All the translation rate calculators use a proportional scale for
their estimated translation initiation rate rather than any defini-
tive units. For example, a predicted output of 500 should produce
10 times more protein than an output of 50, if all other effects are
equal. The relative scales are not the same between the different
calculators. The three calculators have been initially designed to
predict translation initiation rates and estimate protein expression
from a given mRNA sequence. This feature is known as “reverse-
engineering” as the sequence has been pre-defined and a property
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Reeve et al. Predicting translation initiation rates

FIGURE 1 | An illustration of the translational initiation elements
encoded in the 50 untranslated region (50-UTR) of an mRNA
(A), and the three major events that affect prokaryotic translation
initiation (B), following the model described by Na and Lee

(2010). All three calculators estimate translation initiation by

considering the difference in free energies between the initial state

(unbound mRNA folded into secondary structures) and final (mRNA

bound to a ribosome) state.

global folding and unfolding of transcribed mRNAs, whose
secondary structures can hinder the binding of the ribosome:
during translation initiation the transcribed mRNA folds in
and out of the secondary structures, which may interfere with
ribosome binding (de Smit and van Duin, 1990). Secondly,
the regional folding and unfolding of nucleotides in the RBS
region: the ribosome docking site (RDS), a sequence roughly
30 nucleotides around the start codon, must be unfolded and
exposed for the ribosome recognition sequence to bind. Lastly,
there is the efficiency of ribosome binding itself, which is deter-
mined by the binding affinities between the SD sequence and
the complementary 16S rRNA anti-SD sequence (Na et al.,
2010).

RIBOSOME BINDING MODELS AND CALCULATORS
Three different translation rate calculators have been developed.
The first, released in 2009 and updated in 2011 is the RBS Calcula-
tor (Salis et al., 2009). Next is the RBS Designer (Na and Lee, 2010)
and in 2013, Seo et al., developed the UTR Designer. The RBS Cal-
culator uses a statistical thermodynamic model considering free

energies for key molecular interactions in translation initiation
to give an estimation of translation rate. The UTR Designer uses
a very similar model while the RBS Designer makes similar free
energy calculations but has a somewhat different method for cal-
culating the translation rate. To find free energy values for mRNA
secondary structures and interactions between mRNA and rRNA,
all three use secondary software suites. Version 1.0 of the RBS Cal-
culator and the UTR Designer use the NUPACK suite (Zadeh et al.,
2011). Version 1.1 of the RBS Calculators instead employs Vien-
naRNA (Gruber et al., 2008). The RBS Designer uses UNAFold
(Markham and Zuker, 2008).

All the translation rate calculators use a proportional scale for
their estimated translation initiation rate rather than any defini-
tive units. For example, a predicted output of 500 should produce
10 times more protein than an output of 50, if all other effects are
equal. The relative scales are not the same between the different
calculators. The three calculators have been initially designed to
predict translation initiation rates and estimate protein expression
from a given mRNA sequence. This feature is known as “reverse-
engineering” as the sequence has been pre-defined and a property
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Rate of initiation at RBS 
can be estimated by 
calculating the rate of 
binding between mRNA 
and rRNA sequences

Gibbs free energy (ΔG) 
can be calculated for any 
DNA or RNA sequence 
because we know the 
energy of base-pairing

To do this use NUPACK
http://www.nupack.org/



Ribosome Binding Calculator
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L E T T E R S

Given a specific mRNA sequence—called the sub-sequence— 
surrounding a start codon, $Gtot is predicted according to an energy 
model (equation (2)), where the reference state is a fully unfolded 
sub-sequence with G = 0.

$ $ $ $ $ $G G G G G Gtot mRNA:rRNA start spacing standby mRNA� � � 
 

 
(2)

$GmRNA:rRNA is the energy released when the last nine nucleotides 
(nt) of the E. coli 16S rRNA (3`-AUUCCUCCA-5`) hybridizes and  
co-folds to the mRNA sub-sequence ($GmRNA:rRNA < 0). Intramolecular  
folding within the mRNA is allowed. All possible hybridizations 
between the mRNA and 16S rRNA are considered to find the highest 
affinity 16S rRNA binding site. The binding site minimizes the sum 
of the hybridization free energy $GmRNA:rRNA and the penalty for 
 nonoptimal spacing, $Gspacing. Thus, the algorithm can identify the 
16S rRNA binding site regardless of its similarity to the consensus 
Shine-Dalgarno sequence.

$Gstart is the energy released when the start codon hybridizes to the 
initiating tRNA anticodon loop (3`-UAC-5`).

$Gspacing is the free energy penalty caused by a nonoptimal physi-
cal distance between the 16S rRNA binding site and the start codon 
($Gspacing > 0). When this distance is increased or decreased from an 

optimum of 5 nt (or ~17 Å)29, the 30S complex becomes distorted, 
resulting in a decreased translation initiation rate.

$GmRNA is the work required to unfold the mRNA sub-sequence 
when it folds to its most stable secondary structure, called the mini-
mum free energy structure ($GmRNA < 0).

$Gstandby is the work required to unfold any secondary structures 
sequestering the standby site ($Gstandby < 0) after the 30S complex 
assembly. We define the standby site as the four nucleotides upstream 
of the 16S rRNA binding site, which is its location in a previously 
studied mRNA28.

To calculate $GmRNA:rRNA, $Gstart, $GmRNA and $Gstandby, we use 
the NUPACK suite of algorithms32 with the Mfold 3.0 RNA energy 
parameters22,23. These free energy calculations do not have any addi-
tional fitting or training parameters and explicitly depend on the 
mRNA sequence. In addition, the free energy terms are not ortho-
gonal; changing a single nucleotide can potentially affect multiple 
energy terms. The relationship between the spacing and the $Gspacing 
was empirically determined by measuring the protein expression level 
driven by synthetic RBSs of varying spacing and fitting a quantitative 
model to this data (Online Methods, Supplementary Table 1 and 
Supplementary Fig. 2).

For an arbitrary mRNA transcript, the thermodynamic model 
(equation (2)) is evaluated for each AUG or GUG start codon. The 
algorithm considers only the sub-sequence of the mRNA transcript 
consisting of 35 nucleotides before and after the start codon. This  
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Figure 1 A thermodynamic model of bacterial translation initiation.  
(a) The ribosome translates an mRNA transcript and produces a protein 
in a multistep process: the assembly of the 30S complex (box), initiation, 
elongation, termination, and the turnover of ribosomal subunits and  other 
factors. (b) The thermodynamic free energy change during 30S complex 
assembly is determined by five molecular interactions that participate in 
the initial and final states of the system. The Watson-Crick base pairs and 
G:U wobbles (red lines) are shown.

Figure 2 A ribosome binding site design 
method. (a) Reverse engineering. The 
method predicts the relative translation 
initiation rate (red) of an RBS upstream  
of a given protein coding sequence (blue). 
The $Gtot is the free energy change before 
and after the 30S ribosomal complex 
assembles on the mRNA. Equation (1) 
predicts a linear relationship between the 
log protein fluorescence and the predicted 
$Gtot. (b) Red fluorescence protein 
reporter expression driven by 28 natural 
or existing RBSs compared to predicted 
$Gtot calculations. Error bars are s.d. of six 
measurements performed on two different 
days. Linear regression R2 = 0.54 with 
slope B = 0.45 ± 0.05. (c) Histogram of the 
distribution of error in the predicted $Gtot, 
denoted by |$$G|, of the sequences in b.  
The average of this distribution is  
2.11 kcal/mol. (d) Forward engineering.  
A simulated annealing optimization 
algorithm iteratively mutates an RNA 
sequence until a target $Gtot is found.  
(e) RFP expression driven by 29 synthetic 
RBSs compared to the predicted $Gtot 
calculations. Error bars are s.d. of at least five measurements performed on two different days. Linear regression R2 = 0.84 with slope B = 0.45 ± 0.01.  
(f) Histogram of the distribution of the error, |$$G| from e. The average of the distribution is 1.82 kcal/mol and fits well to a one-sided Gaussian 
distribution (red line) with s.d. S = 2.44 kcal/mol.
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L E T T E R S

Given a specific mRNA sequence—called the sub-sequence— 
surrounding a start codon, $Gtot is predicted according to an energy 
model (equation (2)), where the reference state is a fully unfolded 
sub-sequence with G = 0.

$ $ $ $ $ $G G G G G Gtot mRNA:rRNA start spacing standby mRNA� � � 
 

 
(2)

$GmRNA:rRNA is the energy released when the last nine nucleotides 
(nt) of the E. coli 16S rRNA (3`-AUUCCUCCA-5`) hybridizes and  
co-folds to the mRNA sub-sequence ($GmRNA:rRNA < 0). Intramolecular  
folding within the mRNA is allowed. All possible hybridizations 
between the mRNA and 16S rRNA are considered to find the highest 
affinity 16S rRNA binding site. The binding site minimizes the sum 
of the hybridization free energy $GmRNA:rRNA and the penalty for 
 nonoptimal spacing, $Gspacing. Thus, the algorithm can identify the 
16S rRNA binding site regardless of its similarity to the consensus 
Shine-Dalgarno sequence.

$Gstart is the energy released when the start codon hybridizes to the 
initiating tRNA anticodon loop (3`-UAC-5`).

$Gspacing is the free energy penalty caused by a nonoptimal physi-
cal distance between the 16S rRNA binding site and the start codon 
($Gspacing > 0). When this distance is increased or decreased from an 

optimum of 5 nt (or ~17 Å)29, the 30S complex becomes distorted, 
resulting in a decreased translation initiation rate.

$GmRNA is the work required to unfold the mRNA sub-sequence 
when it folds to its most stable secondary structure, called the mini-
mum free energy structure ($GmRNA < 0).

$Gstandby is the work required to unfold any secondary structures 
sequestering the standby site ($Gstandby < 0) after the 30S complex 
assembly. We define the standby site as the four nucleotides upstream 
of the 16S rRNA binding site, which is its location in a previously 
studied mRNA28.

To calculate $GmRNA:rRNA, $Gstart, $GmRNA and $Gstandby, we use 
the NUPACK suite of algorithms32 with the Mfold 3.0 RNA energy 
parameters22,23. These free energy calculations do not have any addi-
tional fitting or training parameters and explicitly depend on the 
mRNA sequence. In addition, the free energy terms are not ortho-
gonal; changing a single nucleotide can potentially affect multiple 
energy terms. The relationship between the spacing and the $Gspacing 
was empirically determined by measuring the protein expression level 
driven by synthetic RBSs of varying spacing and fitting a quantitative 
model to this data (Online Methods, Supplementary Table 1 and 
Supplementary Fig. 2).

For an arbitrary mRNA transcript, the thermodynamic model 
(equation (2)) is evaluated for each AUG or GUG start codon. The 
algorithm considers only the sub-sequence of the mRNA transcript 
consisting of 35 nucleotides before and after the start codon. This  
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Figure 1 A thermodynamic model of bacterial translation initiation.  
(a) The ribosome translates an mRNA transcript and produces a protein 
in a multistep process: the assembly of the 30S complex (box), initiation, 
elongation, termination, and the turnover of ribosomal subunits and  other 
factors. (b) The thermodynamic free energy change during 30S complex 
assembly is determined by five molecular interactions that participate in 
the initial and final states of the system. The Watson-Crick base pairs and 
G:U wobbles (red lines) are shown.

Figure 2 A ribosome binding site design 
method. (a) Reverse engineering. The 
method predicts the relative translation 
initiation rate (red) of an RBS upstream  
of a given protein coding sequence (blue). 
The $Gtot is the free energy change before 
and after the 30S ribosomal complex 
assembles on the mRNA. Equation (1) 
predicts a linear relationship between the 
log protein fluorescence and the predicted 
$Gtot. (b) Red fluorescence protein 
reporter expression driven by 28 natural 
or existing RBSs compared to predicted 
$Gtot calculations. Error bars are s.d. of six 
measurements performed on two different 
days. Linear regression R2 = 0.54 with 
slope B = 0.45 ± 0.05. (c) Histogram of the 
distribution of error in the predicted $Gtot, 
denoted by |$$G|, of the sequences in b.  
The average of this distribution is  
2.11 kcal/mol. (d) Forward engineering.  
A simulated annealing optimization 
algorithm iteratively mutates an RNA 
sequence until a target $Gtot is found.  
(e) RFP expression driven by 29 synthetic 
RBSs compared to the predicted $Gtot 
calculations. Error bars are s.d. of at least five measurements performed on two different days. Linear regression R2 = 0.84 with slope B = 0.45 ± 0.01.  
(f) Histogram of the distribution of the error, |$$G| from e. The average of the distribution is 1.82 kcal/mol and fits well to a one-sided Gaussian 
distribution (red line) with s.d. S = 2.44 kcal/mol.
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L E T T E R S

Given a specific mRNA sequence—called the sub-sequence— 
surrounding a start codon, $Gtot is predicted according to an energy 
model (equation (2)), where the reference state is a fully unfolded 
sub-sequence with G = 0.

$ $ $ $ $ $G G G G G Gtot mRNA:rRNA start spacing standby mRNA� � � 
 

 
(2)

$GmRNA:rRNA is the energy released when the last nine nucleotides 
(nt) of the E. coli 16S rRNA (3`-AUUCCUCCA-5`) hybridizes and  
co-folds to the mRNA sub-sequence ($GmRNA:rRNA < 0). Intramolecular  
folding within the mRNA is allowed. All possible hybridizations 
between the mRNA and 16S rRNA are considered to find the highest 
affinity 16S rRNA binding site. The binding site minimizes the sum 
of the hybridization free energy $GmRNA:rRNA and the penalty for 
 nonoptimal spacing, $Gspacing. Thus, the algorithm can identify the 
16S rRNA binding site regardless of its similarity to the consensus 
Shine-Dalgarno sequence.

$Gstart is the energy released when the start codon hybridizes to the 
initiating tRNA anticodon loop (3`-UAC-5`).

$Gspacing is the free energy penalty caused by a nonoptimal physi-
cal distance between the 16S rRNA binding site and the start codon 
($Gspacing > 0). When this distance is increased or decreased from an 

optimum of 5 nt (or ~17 Å)29, the 30S complex becomes distorted, 
resulting in a decreased translation initiation rate.

$GmRNA is the work required to unfold the mRNA sub-sequence 
when it folds to its most stable secondary structure, called the mini-
mum free energy structure ($GmRNA < 0).

$Gstandby is the work required to unfold any secondary structures 
sequestering the standby site ($Gstandby < 0) after the 30S complex 
assembly. We define the standby site as the four nucleotides upstream 
of the 16S rRNA binding site, which is its location in a previously 
studied mRNA28.

To calculate $GmRNA:rRNA, $Gstart, $GmRNA and $Gstandby, we use 
the NUPACK suite of algorithms32 with the Mfold 3.0 RNA energy 
parameters22,23. These free energy calculations do not have any addi-
tional fitting or training parameters and explicitly depend on the 
mRNA sequence. In addition, the free energy terms are not ortho-
gonal; changing a single nucleotide can potentially affect multiple 
energy terms. The relationship between the spacing and the $Gspacing 
was empirically determined by measuring the protein expression level 
driven by synthetic RBSs of varying spacing and fitting a quantitative 
model to this data (Online Methods, Supplementary Table 1 and 
Supplementary Fig. 2).

For an arbitrary mRNA transcript, the thermodynamic model 
(equation (2)) is evaluated for each AUG or GUG start codon. The 
algorithm considers only the sub-sequence of the mRNA transcript 
consisting of 35 nucleotides before and after the start codon. This  
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Figure 1 A thermodynamic model of bacterial translation initiation.  
(a) The ribosome translates an mRNA transcript and produces a protein 
in a multistep process: the assembly of the 30S complex (box), initiation, 
elongation, termination, and the turnover of ribosomal subunits and  other 
factors. (b) The thermodynamic free energy change during 30S complex 
assembly is determined by five molecular interactions that participate in 
the initial and final states of the system. The Watson-Crick base pairs and 
G:U wobbles (red lines) are shown.

Figure 2 A ribosome binding site design 
method. (a) Reverse engineering. The 
method predicts the relative translation 
initiation rate (red) of an RBS upstream  
of a given protein coding sequence (blue). 
The $Gtot is the free energy change before 
and after the 30S ribosomal complex 
assembles on the mRNA. Equation (1) 
predicts a linear relationship between the 
log protein fluorescence and the predicted 
$Gtot. (b) Red fluorescence protein 
reporter expression driven by 28 natural 
or existing RBSs compared to predicted 
$Gtot calculations. Error bars are s.d. of six 
measurements performed on two different 
days. Linear regression R2 = 0.54 with 
slope B = 0.45 ± 0.05. (c) Histogram of the 
distribution of error in the predicted $Gtot, 
denoted by |$$G|, of the sequences in b.  
The average of this distribution is  
2.11 kcal/mol. (d) Forward engineering.  
A simulated annealing optimization 
algorithm iteratively mutates an RNA 
sequence until a target $Gtot is found.  
(e) RFP expression driven by 29 synthetic 
RBSs compared to the predicted $Gtot 
calculations. Error bars are s.d. of at least five measurements performed on two different days. Linear regression R2 = 0.84 with slope B = 0.45 ± 0.01.  
(f) Histogram of the distribution of the error, |$$G| from e. The average of the distribution is 1.82 kcal/mol and fits well to a one-sided Gaussian 
distribution (red line) with s.d. S = 2.44 kcal/mol.
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Given a specific mRNA sequence—called the sub-sequence— 
surrounding a start codon, $Gtot is predicted according to an energy 
model (equation (2)), where the reference state is a fully unfolded 
sub-sequence with G = 0.

$ $ $ $ $ $G G G G G Gtot mRNA:rRNA start spacing standby mRNA� � � 
 

 
(2)

$GmRNA:rRNA is the energy released when the last nine nucleotides 
(nt) of the E. coli 16S rRNA (3`-AUUCCUCCA-5`) hybridizes and  
co-folds to the mRNA sub-sequence ($GmRNA:rRNA < 0). Intramolecular  
folding within the mRNA is allowed. All possible hybridizations 
between the mRNA and 16S rRNA are considered to find the highest 
affinity 16S rRNA binding site. The binding site minimizes the sum 
of the hybridization free energy $GmRNA:rRNA and the penalty for 
 nonoptimal spacing, $Gspacing. Thus, the algorithm can identify the 
16S rRNA binding site regardless of its similarity to the consensus 
Shine-Dalgarno sequence.

$Gstart is the energy released when the start codon hybridizes to the 
initiating tRNA anticodon loop (3`-UAC-5`).

$Gspacing is the free energy penalty caused by a nonoptimal physi-
cal distance between the 16S rRNA binding site and the start codon 
($Gspacing > 0). When this distance is increased or decreased from an 

optimum of 5 nt (or ~17 Å)29, the 30S complex becomes distorted, 
resulting in a decreased translation initiation rate.

$GmRNA is the work required to unfold the mRNA sub-sequence 
when it folds to its most stable secondary structure, called the mini-
mum free energy structure ($GmRNA < 0).

$Gstandby is the work required to unfold any secondary structures 
sequestering the standby site ($Gstandby < 0) after the 30S complex 
assembly. We define the standby site as the four nucleotides upstream 
of the 16S rRNA binding site, which is its location in a previously 
studied mRNA28.

To calculate $GmRNA:rRNA, $Gstart, $GmRNA and $Gstandby, we use 
the NUPACK suite of algorithms32 with the Mfold 3.0 RNA energy 
parameters22,23. These free energy calculations do not have any addi-
tional fitting or training parameters and explicitly depend on the 
mRNA sequence. In addition, the free energy terms are not ortho-
gonal; changing a single nucleotide can potentially affect multiple 
energy terms. The relationship between the spacing and the $Gspacing 
was empirically determined by measuring the protein expression level 
driven by synthetic RBSs of varying spacing and fitting a quantitative 
model to this data (Online Methods, Supplementary Table 1 and 
Supplementary Fig. 2).

For an arbitrary mRNA transcript, the thermodynamic model 
(equation (2)) is evaluated for each AUG or GUG start codon. The 
algorithm considers only the sub-sequence of the mRNA transcript 
consisting of 35 nucleotides before and after the start codon. This  
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Figure 1 A thermodynamic model of bacterial translation initiation.  
(a) The ribosome translates an mRNA transcript and produces a protein 
in a multistep process: the assembly of the 30S complex (box), initiation, 
elongation, termination, and the turnover of ribosomal subunits and  other 
factors. (b) The thermodynamic free energy change during 30S complex 
assembly is determined by five molecular interactions that participate in 
the initial and final states of the system. The Watson-Crick base pairs and 
G:U wobbles (red lines) are shown.

Figure 2 A ribosome binding site design 
method. (a) Reverse engineering. The 
method predicts the relative translation 
initiation rate (red) of an RBS upstream  
of a given protein coding sequence (blue). 
The $Gtot is the free energy change before 
and after the 30S ribosomal complex 
assembles on the mRNA. Equation (1) 
predicts a linear relationship between the 
log protein fluorescence and the predicted 
$Gtot. (b) Red fluorescence protein 
reporter expression driven by 28 natural 
or existing RBSs compared to predicted 
$Gtot calculations. Error bars are s.d. of six 
measurements performed on two different 
days. Linear regression R2 = 0.54 with 
slope B = 0.45 ± 0.05. (c) Histogram of the 
distribution of error in the predicted $Gtot, 
denoted by |$$G|, of the sequences in b.  
The average of this distribution is  
2.11 kcal/mol. (d) Forward engineering.  
A simulated annealing optimization 
algorithm iteratively mutates an RNA 
sequence until a target $Gtot is found.  
(e) RFP expression driven by 29 synthetic 
RBSs compared to the predicted $Gtot 
calculations. Error bars are s.d. of at least five measurements performed on two different days. Linear regression R2 = 0.84 with slope B = 0.45 ± 0.01.  
(f) Histogram of the distribution of the error, |$$G| from e. The average of the distribution is 1.82 kcal/mol and fits well to a one-sided Gaussian 
distribution (red line) with s.d. S = 2.44 kcal/mol.

Reverse engineering

Model

Model

Mutate

Accept or reject?

105
12

10

8

6

4

2

0 1 2 3 4 5 6 7 8 9 10
0

104

103

F
lu

or
es

ce
nc

e 
(A

U
)

F
lu

or
es

ce
nc

e 
(A

U
)

Fr
eq

ue
nc

y
Fr

eq
ue

nc
y

102

101

100

–10 –6 –2 2 6 10 14 18

–10 –6 –2 2 6 10 14 18

Predicted ∆Gtot
Predicted expression level

Predicted ∆Gtot (kcal/mol)

Predicted ∆Gtot (kcal/mol)

Error |∆∆G| (kcal/mol)

0 1 2 3 4 5 6 7 8 9 10

Error |∆∆G| (kcal/mol)

Target ∆Gtot
reached?

Forward engineering 105
12

10

8

6

4

2

0

104

103

102

101

100

a

d e f

b c

https://salis.psu.edu/software/ * sort of works 50% of the time

Free energy calculated 
for any RBS sequence 

Prediction of rate of 
translation from an RBS

Salis et al. Nature Biotech 2009

https://salis.psu.edu/software/


CONTEXT: RBS is not an isolated part

NATURE BIOTECHNOLOGY VOLUME 27 NUMBER 10 OCTOBER 2009 947

L E T T E R S

Given a specific mRNA sequence—called the sub-sequence— 
surrounding a start codon, $Gtot is predicted according to an energy 
model (equation (2)), where the reference state is a fully unfolded 
sub-sequence with G = 0.
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$GmRNA:rRNA is the energy released when the last nine nucleotides 
(nt) of the E. coli 16S rRNA (3`-AUUCCUCCA-5`) hybridizes and  
co-folds to the mRNA sub-sequence ($GmRNA:rRNA < 0). Intramolecular  
folding within the mRNA is allowed. All possible hybridizations 
between the mRNA and 16S rRNA are considered to find the highest 
affinity 16S rRNA binding site. The binding site minimizes the sum 
of the hybridization free energy $GmRNA:rRNA and the penalty for 
 nonoptimal spacing, $Gspacing. Thus, the algorithm can identify the 
16S rRNA binding site regardless of its similarity to the consensus 
Shine-Dalgarno sequence.

$Gstart is the energy released when the start codon hybridizes to the 
initiating tRNA anticodon loop (3`-UAC-5`).

$Gspacing is the free energy penalty caused by a nonoptimal physi-
cal distance between the 16S rRNA binding site and the start codon 
($Gspacing > 0). When this distance is increased or decreased from an 

optimum of 5 nt (or ~17 Å)29, the 30S complex becomes distorted, 
resulting in a decreased translation initiation rate.

$GmRNA is the work required to unfold the mRNA sub-sequence 
when it folds to its most stable secondary structure, called the mini-
mum free energy structure ($GmRNA < 0).

$Gstandby is the work required to unfold any secondary structures 
sequestering the standby site ($Gstandby < 0) after the 30S complex 
assembly. We define the standby site as the four nucleotides upstream 
of the 16S rRNA binding site, which is its location in a previously 
studied mRNA28.

To calculate $GmRNA:rRNA, $Gstart, $GmRNA and $Gstandby, we use 
the NUPACK suite of algorithms32 with the Mfold 3.0 RNA energy 
parameters22,23. These free energy calculations do not have any addi-
tional fitting or training parameters and explicitly depend on the 
mRNA sequence. In addition, the free energy terms are not ortho-
gonal; changing a single nucleotide can potentially affect multiple 
energy terms. The relationship between the spacing and the $Gspacing 
was empirically determined by measuring the protein expression level 
driven by synthetic RBSs of varying spacing and fitting a quantitative 
model to this data (Online Methods, Supplementary Table 1 and 
Supplementary Fig. 2).

For an arbitrary mRNA transcript, the thermodynamic model 
(equation (2)) is evaluated for each AUG or GUG start codon. The 
algorithm considers only the sub-sequence of the mRNA transcript 
consisting of 35 nucleotides before and after the start codon. This  
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Figure 1 A thermodynamic model of bacterial translation initiation.  
(a) The ribosome translates an mRNA transcript and produces a protein 
in a multistep process: the assembly of the 30S complex (box), initiation, 
elongation, termination, and the turnover of ribosomal subunits and  other 
factors. (b) The thermodynamic free energy change during 30S complex 
assembly is determined by five molecular interactions that participate in 
the initial and final states of the system. The Watson-Crick base pairs and 
G:U wobbles (red lines) are shown.

Figure 2 A ribosome binding site design 
method. (a) Reverse engineering. The 
method predicts the relative translation 
initiation rate (red) of an RBS upstream  
of a given protein coding sequence (blue). 
The $Gtot is the free energy change before 
and after the 30S ribosomal complex 
assembles on the mRNA. Equation (1) 
predicts a linear relationship between the 
log protein fluorescence and the predicted 
$Gtot. (b) Red fluorescence protein 
reporter expression driven by 28 natural 
or existing RBSs compared to predicted 
$Gtot calculations. Error bars are s.d. of six 
measurements performed on two different 
days. Linear regression R2 = 0.54 with 
slope B = 0.45 ± 0.05. (c) Histogram of the 
distribution of error in the predicted $Gtot, 
denoted by |$$G|, of the sequences in b.  
The average of this distribution is  
2.11 kcal/mol. (d) Forward engineering.  
A simulated annealing optimization 
algorithm iteratively mutates an RNA 
sequence until a target $Gtot is found.  
(e) RFP expression driven by 29 synthetic 
RBSs compared to the predicted $Gtot 
calculations. Error bars are s.d. of at least five measurements performed on two different days. Linear regression R2 = 0.84 with slope B = 0.45 ± 0.01.  
(f) Histogram of the distribution of the error, |$$G| from e. The average of the distribution is 1.82 kcal/mol and fits well to a one-sided Gaussian 
distribution (red line) with s.d. S = 2.44 kcal/mol.
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upstream and downstream of RBS is included (>50 nt)

So sequence either side of RBS part influences the RBS

This feature is known as ‘Context Dependency’
i.e.  the RBS strength is dependent on the local sequence context

Upstream: (promoter) and scar Downstream: gene CDS

So… RBS strength will change when put in front of a different CDS



CONTEXT: a problem for synthetic biology

• Small DNA parts are like words affected by the surrounding 
sentence:       e.g. “please set the table with a set of plates”

• Combining many different promoters, RBS and CDS parts 
doesn’t lead to predictable gene expression output
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and measured individual amounts of mRNA and protein for all 
element combinations. We quantified element activity and quality 
using the full factorial experimental data set. We identified the 
junction between translation initiation elements and downstream 
genes as the major source of irregular gene expression and dem-
onstrated that only a few measurements are needed to estimate 
the activity of new elements to within reasonable accuracy, once 
an initial combinational landscape has been established.

RESULTS
Quantifying context effects as a score of part quality
We used a linear model of gene expression (based on a conven-
tional model)46 to track population average steady-state protein 
levels and to study element-element context effects (see Online 
Methods for equations). We assumed that expression output 
signals (such as arbitrary fluorescence levels and transcript 
abundances) measured for expression cassettes are a function 
of promoter, 5` UTR and gene of interest (GOI) elements plus 
interactions among elements; genetic elements are formally  
defined below.

Although functional relationships among genetic elements 
and changing environments will not always map to such simple, 
molecular mechanism–agnostic linear models, these approxima-
tions were appropriate for our underlying goal: to establish a basic 
framework that many researchers might easily use to contribute 
to the estimation of activities and quality of biological parts and 
to share such information to improve part collections. Stated dif-
ferently, the framework developed above is primarily focused on 
the recording and reporting of measurements and not on deeper 
mechanistic understanding. By enabling a collective capacity to 
identify categories of low-quality parts and problematic element-
element junctions, we sought a means to enable, prioritize and 
evaluate subsequent work to better understand and ultimately 
engineer higher-quality genetic elements47.

Experimental design
Many extrinsic factors can overwhelm observed variation in the 
activities of transcription-control and translation-initiation ele-
ments15,48,49. Thus, a first challenge was to determine whether we 
could directly observe subtle or modest quantitative variation in 
genetic element activities arising from only the reuse of parts in 
combination. To do so, we first performed carefully controlled 
replicate experiments under common physical conditions.

We selected widely used, representative genetic elements encod-
ing transcription-control and translation-initiation functions; 
although hereafter we refer to each category of control elements 
as ‘promoters’ or ‘5` UTRs’, we note that our selected elements are 
encoded by irregular DNA sequences as reported and as typically 
used elsewhere (Supplementary Table 1). For example, promot-
ers may include DNA sequence beyond the transcription start 
that would contribute promoter-associated mRNA sequence 
to any coupled 5` UTR and thereby potentially modulate both 
translation initiation and mRNA stability. Moreover, the DNA 
sequence after a transcription start site is also known to modulate 
RNA polymerase promoter escape and, hence, could also affect 
promoter strength21. The total number of nucleotides preced-
ing translation initiation codons varies from 21 to 59 across the 
mRNA encoded by the promoters and 5` UTRs assembled here 
(Supplementary Table 1).

We constructed a full combinatorial library of 7 promoters and 
11 5` UTRs upstream of two distinct genes of interest (sfgfp, here-
after gfp, and mrfp1, hereafter rfp; 52% nucleotide identity overall 
and 56% over the first 30 codons) and a common 3` UTR context 
(Online Methods, Fig. 1 and Supplementary Fig. 1). We placed 
each expression construct in a medium-copy-number plasmid 
and also integrated a subset of element combinations into the 
E. coli chromosome (Online Methods). We monitored expres-
sion of the different constructs via repeated measurements of 
steady-state fluorescence for both monomeric RFP (mRFP1, here-
after RFP) and superfolder GFP (sfGFP, hereafter GFP) and via 
analysis of individual transcripts using quantitative PCR (qPCR; 
Online Methods). Comparison of each measurement type enabled  
estimation of the individual contributions of transcription and 
translation processes to gene expression.

Measurement of promoter:5` UTR combinations
We quantified gene expression across the combinatorial library by 
measuring fluorescence and mRNA levels under defined growth 
conditions (Fig. 2a–d and Online Methods). We monitored bulk 
culture fluorescence and growth profiles over time using an auto-
mated fluorometer; and we measured mRNA levels by qPCR and 
single-cell fluorescence distributions by flow cytometry, at a single 
time point during exponential growth (Online Methods). Single-cell 
and growth-normalized bulk-culture measurements of fluorescence 
were highly correlated (R2 = 0.96 for both GFP and RFP libraries; 
Supplementary Fig. 2a,b) and exhibited high day-to-day reproduci-
bility in triplicate experiments (R2 = 0.98; Supplementary Fig. 2c,d). 
Fluorescence measurements were also well correlated between 
plasmids and chromosomal integrants (R2 = 0.85; Supplementary 
Fig. 3). Once we established that no element combination produced 
bimodal expression distributions, we used average fluorescence  
levels as determined by cytometry for our analyses.
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Figure 1 | Composition of irregular transcription and translation genetic 
elements. Schematic of 7 widely used promoters (p) and 11 5` UTR 
(u) elements assembled in combination with two different genes of 
interest (GOIs), gfp and rfp, on a medium-copy (p15A) plasmid with 
chloramphenicol (Cam) resistance marker in E. coli (full element sequences 
via Supplementary Table 1). Promoters, 5` UTRs and GOIs are typically 
considered to be well-defined, functionally independent genetic elements 
(abstract layer). However, irregular part boundaries create combination-
specific junctions (physical layer) as parts are reused in combination 
(bottom). RBS, ribosome-binding site; SD, Shine-Dalgarno region.
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Variation and correlation of observed expression levels
Fluorescence values measured across the library varied over a 
206- and 117-fold range for GFP and RFP, whereas mRNA levels 
varied over a 542- and 354-fold range, respectively. Protein and 
transcript abundance data indicated that a few promoters and  
5` UTRs encoded a consistent impact on expression across mul-
tiple part combinations (Fig. 2). Additionally, we observed some 
nonsystematic variation with specific combinations of promoters 
and 5` UTRs across the two different reporters, indicating more 
complex interactions among parts. For example, the combination 
of promoter 1 and 5` UTR 1 (p1:u1) produced ~11-fold more rfp 
than gfp mRNA and ~6-fold more red than green fluorescence 
(Fig. 2g,h). In contrast, the p1:u3 combination produced ~7-fold 
more gfp than rfp mRNA and ~37-fold more green than red fluo-
rescence (Fig. 2g,h and Supplementary Fig. 4). We could not 
readily explain such differences by inspection of promoter core 
motifs (−35 spacer, −10 region), Shine-Dalgarno regions or total 
length of 5` UTRs (Fig. 2 and Supplementary Table 1).

A pairwise comparison of transcript abundance and fluores-
cence levels for each combination of control elements across the 
two reporters indicated that measured mRNA values accounted 
for ~60% of the total variation in fluorescence levels (R2 = 0.58,  
P < 2.2 × 10−16 and R2 = 0.59, P < 2.2 × 10−16 on a log-log scale for 
GFP and RFP libraries, respectively; Fig. 2e,f and Supplementary 
Fig. 4a,b). Pairwise comparison of transcript abundances  
(R2 = 0.38, P = 3.1 × 10−9; Fig. 2g and Supplementary Fig. 4c) 
and fluorescence levels (R2 = 0.38, P = 3.1 × 10−9; Fig. 2h and 
Supplementary Fig. 4d) between the two reporter libraries 
revealed more modest correlations.

Quantifying the performance of parts
We used a linear log-transformed model of gene expression (equa-
tion (3) in Online Methods) to quantify the individual contribu-
tions of promoters, 5` UTRs and GOIs to different expression 
phenotypes (fluorescence, mRNA level or translation efficiency) 
and to quantify interactions among elements. More specifically,  
we conducted a full factorial ANOVA with repetitions50 to  
predict the output of the system according to the identity of each 
element and element-element interactions as instantiated in any 
given construct.

Quantifying expected generic part type contributions
We first quantified how each category of genetic element and 
interactions among elements contribute to differences in expres-
sion. We assumed that the specific promoters, 5` UTRs and GOIs 
used here define representative samples for each element type, and 
we used a random-effect interpretation of the ANOVA results50. 
From this assumption, we estimated the overall contribution of 
each element type and type-type interaction to expression levels 
(Fig. 3 and Supplementary Table 2). We used mean-centered tran-
script abundances and fluorescence levels to remove confound-
ing effects arising from systematic biases in experimental signals 
between GFP and RFP reporters while preserving interaction 
factors among the control elements and coding sequences them-
selves. We found that the 5` UTRs and promoters are the major 
contributors to variation in expressed fluorescence levels (46% 
and 37%, respectively; Fig. 3a and Supplementary Table 2a). Also 
as expected36,40, but quantified here, interactions across 5` UTR:
GOI junctions accounted for ~14% of total variation, whereas 
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Figure 2 | Observed variation and correlation of mRNA abundance and protein fluorescence from a full combinatorial library of expression control 
elements. (a,b) Heat maps showing mRNA abundance for all combinations of transcription (p, rows) and translation (u, columns) elements driving the 
expression of gfp (a) or rfp (b). Each value is a dimensionless number corresponding to mean mRNA abundance measured from a cell population by bulk 
qPCR divided by the average abundance for all constructs within that panel. (c,d) Similarly mean-centered values for population average fluorescence 
intensities as measured by flow cytometry. The order of the elements in the matrices corresponds to a two-dimensional clustering performed on the 
data in c and held constant to facilitate visual comparison. Abundances are expressed on a log2 scale (mean-centered arbitrary units (a.u.)) and colored 
(thermometer scale). (e,f) mRNA abundance versus fluorescence for constructs driving gfp (e) and rfp (f) expression. (g,h) Pairwise comparison between 
mRNA levels (g) and fluorescence (h) for constructs driving gfp and rfp expression.
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Alleviating Context 

• To overcome context you either have to:

(a) Understand enough so you can predict its effect
• RBS Calculator uses this approach: models effect of 

upstream and downstream part sequence on RBS part 

(b) Use parts that remove context (i.e. insulators)
• Three methods were developed for this…



Alleviating Context: RiboJ Method
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Figure 3  RiboJ and other insulators insulate the transfer function of the NOT and BUFFER gates. (a) The constructs from Figure 1b rebuilt to contain the 
RiboJ sequence between the output promoters of the inducible systems and the gfp and cI-gfp reporters. (b) The ratio between GFP and CI-GFP expression 
collapse onto a single curve for each inducible system. The concentrations of inducer are identical to those in Figure 1c. (c) The RiboJ insulator inserted 
upstream of the NOT gate for the three inducible systems. (d) The collapse of the data onto a single transfer function. The experiments are identical to those 
shown in Figure 1c. Error bars, mean ± s.d. of at least three experiments performed on different days. (e) The transfer functions of McbR NOT gate with and 
without the RiboJ and LtsvJ insulators. The transfer functions were measures using the pTACsym (red circles) and pSAL (black square) inducible systems. 
Their inducer concentrations are: pTACsym, 0, 0.1, 1, 5, 10, 20, 50, 100, 200, 500, 1,000, 2,000 mM IPTG and pSAL, 0, 0.1, 0.2, 0.5, 1, 2, 5, 10, 20, 
50, 100, 200 mM salicylate. The reporter gene of the two new gates is yfp. (f) The transfer functions of R73d BUFFER gate with and without RiboJ.  
(g) The experimental data are compared to the predicted distribution when RiboJ is not included in the circuit. The inducer concentrations are (left to right): 
0.1, 5, 10, 50 mM Ara. The hashed red lines show the difference between the predicted and measured distributions. Right: quantitative comparisons of 
distributions where the probability is divided into 30 bins for each curve. The data fit poorly to a line with slope of unity (R2 = –0.30). (h) Same as g, but 
inclusion of RiboJ improves the predictability of the assembled circuit. The comparison between the predicted and experimental follows a linear fit  
(R2 = 0.89). Far right, for g and h, the experimental mean and predicted mean of the probability distributions.

{    }
0 500 1,000

0

500

1,000

c

b

Promoter activity (au)
Input

O
ut

pu
t

P
ro

m
ot

er
 a

ct
iv

ity
 (

au
)

RiboJ

a
Layer 1 Input reporters

RiboJ

{     }
RiboJ

Layer 1 Layer 2 Output reporter

d

[IPTG]

[IPTG]

pTAC

[Ara]
pBAD

pLlacO-1

[IPTG]

[IPTG]

pTAC

[Ara]
pBAD

pLlacO-1

1,500

0 2,000 4,000

0

2,000

4,000

Promoter activity (au)
Input gfp

In
pu

t c
I-

g
fp

P
ro

m
ot

er
 a

ct
iv

ity
 (

au
)

1,500

cI pOR1

NOT gate

gfp

cI-gfp

gfp

{     }

0 1,000
Promoter activity (au)

Input

O
ut

pu
t

P
ro

m
ot

er
 a

ct
iv

ity
 (

au
)

2,000
0

2,000

4,000

6,000

0 5,000 10,000

0

1,000

2,000

0 2,000 4,000

0

1,000

2,000

0 1,000 2,000

0

200

400

0 5,000 10,000

0

5,000

10,000

Promoter activity (au)
Input

O
ut

pu
t

P
ro

m
ot

er
 a

ct
iv

ity
 (

au
)

+LtsvJ–Insulator +RiboJ

e

h

g

P
ro

ba
bi

lit
y

GFP (molecules/cell)

0.2

0

0.2

0

P
ro

ba
bi

lit
y

GFP (molecules/cell) Probability
(experimental)

P
ro

ba
bi

lit
y

(F
S

P
 c

al
cu

la
te

d)

Predicted

0.1

0.1

0 0.1 0.2

0

0.1

0.2

O
ut

pu
t

P
ro

m
ot

er
 a

ct
iv

ity
 (

au
)

O
ut

pu
t

P
ro

m
ot

er
 a

ct
iv

ity
 (

au
)

Promoter activity (au)
Input

Promoter activity (au)
Input

–Insulator +RiboJ
O

ut
pu

t
P

ro
m

ot
er

 a
ct

iv
ity

 (
au

)

Promoter activity (au)
Input

f

 410010  410010  410010 410010

 410010  410010  410010 410010

Probability
(experimental)

P
ro

ba
bi

lit
y

(F
S

P
 c

al
cu

la
te

d)

0 0.1 0.2

0

0.1

0.2

Input

Input

McbR OUTIN McbR OUTIN McbR OUTIN R73 δ OUTIN R73 δ OUTIN

NOT OUTIN

pTAC
pLlacO-1
pBAD

pTAC
pLlacO-1
pBAD

pTACsym
pSAL

O
ut

pu
t

P
ro

m
ot

er
 a

ct
iv

ity
 (

au
)

Arabinose (mM)

0
10

2
10

1
10

–1
10

O
ut

pu
t

P
ro

m
ot

er
 a

ct
iv

ity
 (

au
)

Arabinose (mM)

0
10

2
10

1
10

–1
10

Experimental

Predicted
Experimental

Experimental mean
Predicted mean

Experimental mean
Predicted mean

1138  VOLUME 30   NUMBER 11   NOVEMBER 2012   NATURE BIOTECHNOLOGY

LETTERS

Whereas promoters technically end at the transcription start 
(+1) site, parts that are labeled as promoters often contain addi-
tional sequences downstream of position +1. This may be due either 
to the inclusion of additional regulatory elements or an unknown 
or misannotated start site. A potential explanation for the pBAD/
pTAC discrepancy is that the two promoters generate transcripts 
with different 5ʹ-UTR sequences on the mRNA. In particular, pTAC 
had a 27-nt leader sequence, whereas pBAD produced a 5-nt leader 
(Supplementary Fig. 1). To test the importance of these leader 
sequences, we used the pLlacO-1 promoter25, which is induced by 
IPTG, but in which the operator has been moved upstream of the tran-
scription site (Supplementary Fig. 1). The resulting transfer function 

because the inputs are measured and reported as promoter activity, one 
would have expected the transfer functions to be identical.

The input promoter activity for both systems was measured using 
gfp, but the promoters controlled cI in the context of the circuit. Thus, 
we suspected that the expression ratios of CI to GFP were different 
under pBAD and pTAC control. To determine whether this was true, 
we constructed a fusion protein (cI-gfp) to monitor CI expression, and 
we compared it with GFP only (Fig. 1b). Indeed, these promoters yielded 
different ratios of CI-GFP to GFP expression: 0.3 for pBAD and 2.6 for 
pTAC (Fig. 1d). In other words, the identity of the upstream promoters 
caused the expression of CI-GFP to differ by an order of magnitude 
compared to GFP.

Figure 1  The transfer function of the NOT gate depends 
on the inducible system used to measure it. (a) Three 
inducible systems were connected to the NOT gate: pTAC, 
pLlacO-1 and pBAD. The NOT gate is based on the cI gene, 
which represses the pOR1 promoter. (b) The promoter 
activity of each inducible system is determined using 
gfp as a reporter alone and fused to the cI gene. (c) Data 
gathered using the constructs from parts a and b are used 
to determine the transfer function of the NOT gate. The 
transfer functions are shown as measured by the inducible 
systems of a. Each point represents one concentration of 
inducer that corresponds to expression from pOR1 (part (a)) 
and the output promoter of the inducible system (part (b)). 
The inducer concentrations are: pTAC, 0, 0.1, 1, 5, 10, 
20, 30, 40, 50, 70, 100 mM IPTG; pLlacO-1, 0.1, 1, 10, 
50, 100, 150, 200, 300, 500, 1,000, 2,000, 3,000 mM 
IPTG; and pBAD, 0, 0.1, 1, 2, 5, 7, 10, 12.5, 25, 37.5, 
50, 62.5 mM Ara. (d) The fluorescence measured from 
each inducible promoter driving the expression of gfp is 
compared to cI-gfp (part (b)). The expression ratios are the 
slope of each line: 2.6 (pTAC) and 0.3 (pBAD). Expression 
of cI-gfp saturates at ~20 au (inset). As in part c, each 
point represents a single concentration of inducer. Error 
bars, mean ± s.d. obtained from at least three experiments 
performed on different days.

Figure 2  Screening the library of insulator parts. (a) The 
screen is based on the comparison of expression between 
gfp and cI-gfp. Each of the 54 putative insulators is 
inserted into both of these contexts, thus requiring 108 
constructs. (b) Screening data are shown for the full 
library of insulators. Each line is a different insulator and 
each point is the fluorescence from the pair of constructs 
in part a at 0, 5, 50, 100, 300 or 1,000 mM  
IPTG. The solid black lines mark the upper (slope, 
6.5) and lower (slope, 0.12) bounds of the distribution 
of insulators (pJ5J and DG131aRBS, respectively, in 
Supplementary Table 2). The blue curve corresponds to 
the behavior of pLlacO-1 without an insulator.  
(c) Under the pTAC promoter, RiboJ cleaves after the 
+34 nucleotide, thus removing the 5ʹ sequence from the 
promoter (+1 to +28). The primer used for the 5ʹRACE 
experiments is shown. (d) The agarose gel result for the 
cleaved mRNA and its controls. The gel result is for the 
amplified DNA samples that were reverse-transcribed 
from mRNA templates according to the 5ʹRACE protocol 
(Online Methods). In the presence of RiboJ, the TAP-
T4PNK-untreated sample has two faint bands (lane 5),  
but the TAP-T4PNK-treated sample has one heavy dark 
band (lane 1). In the absence of RiboJ, the TAP-T4PNK-
treated (lane 6) and TAP-T4PNK-untreated (lane 2) 
samples, respectively, have a weak or dark band.  
(e) 5ʹRACE sequencing data. All sequences are the complementary DNA sequences of RNA. The sequencing result of 5ʹRACE is for the DNA sample in lane 1 of 
d and read from an internal primer of the mRNA to the 5ʹ-end. ‘RNA adapter’ is the reverse complementary DNA sequence of the RNA adaptor. The underlined 
sequence is removed from the mRNA by the ribozyme after the defined “G” site.
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… but many important promoters don’t end at the +1 site
Regulated promoters often have sequence after +1 that get transcribed

Different upstream 
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different 5’ bases of 
mRNA & alter RBS 
strength of CDS 

Solution: add a self-
cleaving ribozyme
part (RiboJ) between
Promoter & RBS to 
leave a clean 5’ UTR
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Figure 3  RiboJ and other insulators insulate the transfer function of the NOT and BUFFER gates. (a) The constructs from Figure 1b rebuilt to contain the 
RiboJ sequence between the output promoters of the inducible systems and the gfp and cI-gfp reporters. (b) The ratio between GFP and CI-GFP expression 
collapse onto a single curve for each inducible system. The concentrations of inducer are identical to those in Figure 1c. (c) The RiboJ insulator inserted 
upstream of the NOT gate for the three inducible systems. (d) The collapse of the data onto a single transfer function. The experiments are identical to those 
shown in Figure 1c. Error bars, mean ± s.d. of at least three experiments performed on different days. (e) The transfer functions of McbR NOT gate with and 
without the RiboJ and LtsvJ insulators. The transfer functions were measures using the pTACsym (red circles) and pSAL (black square) inducible systems. 
Their inducer concentrations are: pTACsym, 0, 0.1, 1, 5, 10, 20, 50, 100, 200, 500, 1,000, 2,000 mM IPTG and pSAL, 0, 0.1, 0.2, 0.5, 1, 2, 5, 10, 20, 
50, 100, 200 mM salicylate. The reporter gene of the two new gates is yfp. (f) The transfer functions of R73d BUFFER gate with and without RiboJ.  
(g) The experimental data are compared to the predicted distribution when RiboJ is not included in the circuit. The inducer concentrations are (left to right): 
0.1, 5, 10, 50 mM Ara. The hashed red lines show the difference between the predicted and measured distributions. Right: quantitative comparisons of 
distributions where the probability is divided into 30 bins for each curve. The data fit poorly to a line with slope of unity (R2 = –0.30). (h) Same as g, but 
inclusion of RiboJ improves the predictability of the assembled circuit. The comparison between the predicted and experimental follows a linear fit  
(R2 = 0.89). Far right, for g and h, the experimental mean and predicted mean of the probability distributions.
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Alleviating Context: Csy4 Method
… but it would be a cumbersome to put RiboJ parts everywhere
Instead we can cut the mRNA using sequence-specific enzyme Csy4
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are ubiquitous and enable genome compact-
ness, coordinated regulation, and improved  
dynamics of transcription and growth17. 
Owing to the advantages of multigene operons,  
engineering such operons with predictable 
behaviors has been a focus in metabolic engi-
neering applications18,19. However, multiple 
genes encoded on the same transcript can 
interfere with one another because of RNA 
structures and translational coupling, which 
affects both transcript stability and translation 
efficiency. We measured and compared protein 
expression of a set of genes in a monocistron 
format with different gene arrangements in 
bicistronic operons, in which cistrons were  
(or were not) bounded by the CRISPR cleavage elements at both 5` and 
3` ends to remove context interference from either side. We constructed 
six monocistrons by combining three RBSs with two fluorescent protein 
genes, and we constructed the bicistrons by pairing every RFP mono-
cistron with all the GFP monocistrons such that both RFP and GFP 
serve as the first and second gene in the operon. This provided two 
parallel sets of 18 bicistrons: one without and one with RNA processing 
(Fig. 2a). In the control library, which lacked cleavage elements, expres-
sion of the first cistron linearly correlated with monocistron expression, 
but expression of the second cistron was highly variable (Fig. 2b). The 
results from the CRISPR library were notably different. If a gene was 
the first cistron in a bicistronic operon, gene expression was almost 
the same as for the corresponding monocistron; if a gene appeared as 
the second cistron, there was a strong linear correlation between its 
expression and that of the corresponding monocistron (Fig. 2c and 
Supplementary Fig. 6). The consistent difference in the expression 
of the second cistron reflects transcriptional polarity20, an effect that 
results in reduced expression of operon genes that are distal to the pro-
moter compared with proximal genes. Notably, our synthetic cleavage 
system allows precise measurement of the RNA polymerase dropoff rate 
during elongation, which we estimated as 8 × 10−4 per nucleotide in our 
constructs (Supplementary Methods and Supplementary Fig. 7).

We next used the CRISPR RNA processing platform to design 
complex regulatory systems. We used two families of antisense 
RNA–mediated cis elements to achieve multi-input regulation  
from two orthogonal pairs of translational repressors (IS10wt and 
IS10-9)21 and one transcriptional attenuator (PT181wt)22. Attempts to 
use orthogonal intergenic IS10 UTR elements to differentially control 
translation of individual genes inside an operon failed likely owing to 
coupled transcript stability and structural interactions between the 
two cistrons. However, when the precursor transcript was cleaved at 

designed loci to free the 5` and 3` ends, each antisense RNA individu-
ally repressed the cognate UTR–gene cassette without affecting the 
other (Fig. 3a and Supplementary Fig. 8). This suggests that RNA 
processing might decouple transcript stability and remove structural 
interactions between multiple genes and associated regulatory ele-
ments on the same transcript. We also designed complex RNA-level 
regulation by combining two cis-regulatory systems, PT181wt and 
IS10wt, in tandem to control a monocistron. Ideally, such tandem 
multi-input control would result in a multiplicative function of 
the two elements22. Without RNA cleavage, this outcome was not 
obtained. With RNA cleavage. we achieved multiplicative regula-
tion, which is crucial to the design of sophisticated and quantitatively  
predictable RNA-level genetic circuits (Fig. 3b), indicating that RNA 
processing facilitated complex cis regulation. We also compared the 
efficiency of CRISPR-mediated cleavage to cleavage by different RNA-
processing elements by inserting different elements into the com-
plex cis-regulatory system, including sequence for a satellite tobacco 
ringspot virus hammerhead ribozyme23, sequence for an avocado 
sunblotch virus ribozyme24, an RNase III binding site (R1.1) from T7 
phage25 and a tRNA sequence for Arg5 (ref. 26) (Fig. 3c). None of these  
elements was as effective at tuning gene expression as the CRISPR 
system. This result might indicate that the CRISPR system is robust 
to different genetic contexts, and this could be a unique feature of the 
CRISPR system, as Csy4 naturally cleaves its RNA target in a variety 
of context sequences derived from phage genomes4.

Csy4 functions in a wide spectrum of bacteria, archaea and 
 eukaryotes. Using a reporter system in which the Cys4 cleavage site 
was inserted in-frame between the translation start codon and down-
stream protein-coding sequence, we showed that Csy4 cleavage led 
to effective gene silencing with more than tenfold on-off dynamic 
range in the gram-negative bacterium E. coli, the gram-positive 
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Figure 2 RNA processing enables design of 
operonic systems. (a) Six monocistrons were 
combined in pairs to generate eighteen bicistrons 
without (left) and with (right) cleavage elements 
(Supplementary Methods). (b) Measured protein 
production rates (PPRs) for the monocistrons 
and bicistrons without RNA processing. The 
first bar in each graph shows the measured 
PPR for the monocistron. The measured PPRs 
for bicistrons with RFP in the first and second 
cistrons are shaded in yellow and blue. The 
context is labeled on the top. (c) Measured PPRs 
with RNA processing. The absolute values are 
different compared to those in b. RFU, relative 
fluorescence units. All error bars indicate s.d. of 
biological triplicates.
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reporter system 12 different 18–90-nt UTR sequences present in the  
E. coli MG1665 genome. Consistent with results obtained in the  
random library, we observed much lower variation in protein pro-
duction rates with RNA cleavage compared to that observed without 
it (Fig. 1e), implying that RNA processing enabled predictable gene 
expression regardless of UTR context.

Most promoters used in synthetic biology and metabolic engineering 
are derived from natural DNA sequences, usually with poorly anno-
tated operator sequences and transcriptional start sites15. As a conse-
quence,  assembling promoters with UTR, RBS and coding sequence 
elements often modifies transcript composition, which changes trans-
lational efficiency and transcript stability, and alters the putative activ-
ity of the promoter in different contexts, in an unpredictable fashion. 
To determine whether RNA processing could reduce the interference 
among gene expression control elements, we compared two expression 
libraries with and without RNA cleavage. Both libraries consisted of 

28 parallel constructs generated by combinatorial assembly of seven 
promoters with two RBSs and two reporter genes (Supplementary 
Methods). We inserted the cleavage element between the promoters 
and RBSs in the CRISPR library and assayed the relative promoter 
unit (RPU) of each promoter by normalizing its protein production 
rate to that for a reference promoter. The measured RPU values in the 
control library varied widely across different RBSs and genes (RSD 
values of 67% to ~129%, Supplementary Fig. 5). In contrast, the RPU 
value of each promoter in the CRISPR library was almost constant, and 
the rank orders were completely conserved across different contexts 
(Fig. 1f). This shows that cleavage of the mRNA between promoters 
and downstream elements enabled production of standard RPU values 
from promoters, which could then be used predictably in complex 
genetic systems in a plug-and-play manner.

We applied RNA processing to the rational design of multigene  
operons. In bacteria, archaea16 and eukaryotes17, multigene operons 
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Figure 1 The CRISPR RNA-processing system allows engineering of standard genetic elements in various contexts. (a) Experimental procedure for 
measuring the effects of random UTRs on gene expression with and without the CRISPR cleavage element (diamond). (b–d) Statistical analysis of 
protein production rates (BB, baseline bias). Expression data for baseline constructs without 30-nt UTR insertions are plotted as unbounded shaded 
bars, with the width representing the s.d. of biological triplicates. (e) Mean protein production rates for 12 genomic UTR insertions with and without 
RNA processing. Gray lines indicate protein production for the baseline constructs. (f) Experimental data for 28 combinatory circuits composed of 
7 promoters, 2 RBSs and 2 reporter genes with the cleavage element inserted between promoters and RBSs. Heatmaps show RPU values, with each 
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Csy4 enzyme expressed in E. coli will 
cut a short specific RNA sequence 
that makes a hairpin fold 

Qi, Haurwitz et al. Nature Biotech 2012 



Transcription Terminators

• Terminators: boring parts but a challenge for cloning
• Not a good idea to repeatedly use the same one



Transcription Terminator Libraries 1

BIOFAB designed and characterised 100s of 
terminators & used data to model further design

not understood well enough for use in synthetic genetic
systems. Alternatively, factor-independent termination,
which accounts for the remaining !80% of transcription
termination events in E. coli, occurs at defined sequence
regions known as intrinsic terminators that can be
encoded as reusable genetic elements (15).
Sequence features within intrinsic terminators have

been well studied in E. coli and include a core GC-rich
stem of 5–9 nt that is closed by a short 3–5 nt loop and
followed by a 7–9 nt U-rich tail (Figure 1A) (10,16). A few
intrinsic terminators have been extensively studied in vitro,
resulting in mechanistic models for how individual
sequence motifs contribute to overall termination effi-
ciency (15,17). From these foundational studies, computa-
tional methods have been developed to identify putative
terminator elements within natural DNA sequences. Such
tools have improved the automated annotation of genome
sequences and reshaped consideration of operon structure
and chromosome organization (16,18–22). However, se-
quences that match putative terminator motifs are perva-
sive within natural genomes, and most computational
predictions are not validated experimentally, thereby hin-
dering the iterative development of improved terminator
identification tools.
The reliability and reuse of termination efficiency meas-

urements has also been challenged by the fact that termin-
ator elements themselves can impact mRNA stability (23),
translation initiation and translation polarity (24). Thus, a
measurement for termination efficiency in one genetic
context may not match a measurement obtained in
another context. Furthermore, the use of diverse charac-
terization strategies—in vitro (25), including single
molecule approaches (26) versus in vivo (23) and single
versus dual reporters (27)—has hindered comparison of
measurements and sequence-function analyses (16).
Hence, a systematic method for measuring sequence

distinct terminator elements that avoids confounding
effects arising from terminator elements themselves is
needed. Such an approach would enable more reliable
characterization and reuse of transcription terminator col-
lections across laboratories.

MATERIALS AND METHODS

Terminator sequences

We selected 24 terminator elements identified in previous
studies (Supplementary Table S1): 10 from natural expres-
sion cassettes (crp, his, ilv, rnpB, rpoC, tonB, three variants
of trp from E. coli and amyA from Bacillus subtilis), four
from non-protein coding RNAs in E. coli (rrnA, rrnB,
rrnD and rna1), six from bacteriophage (T3, T7, T21,
M13 and two from lambda), two from mobile genetic
elements (tet from transposon tn10, and the attachment
site motif from the aadA7 integron cassette) and two syn-
thetic terminators (BBa_B1002 and BBa_B1006). For ter-
minators sourced from natural sequences, we included 30
nt of upstream and downstream sequence context. We also
generated 11 minimal terminators from a subset of the
natural elements (crp, his, ilv lambda, M13, rnpB, rpoC,
rrnB, rrnD, tonB and trp). We designed six variants of the
BBa_B1006 synthetic terminator, altering features such as
U tail length and stem composition. Altogether, these
seeded a diverse panel of 41 putative terminator
elements. We also retained and studied 13 variants to
stem or loop sequences that arose during construction.
We constructed seven double terminators by concat-
enating some of the aforementioned elements, finalizing
a set of 61 candidate terminator elements (Supplementary
Table S1) that we characterized in detail via the RIIIG
measurement device (later in the text). Sequence
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Figure 1. Architecture of a standardized genetic device for termination efficiency measurements. (A) Anatomy of an intrinsic terminator (purple) and
generic architecture of processed mRNA originating from a terminator measurement device. RNase recognition sites (orange diamonds) are intended
to standardize the 30- or 50-ends of processed mRNA encoding upstream (UP, red) and downstream (DW, green) reporter genes. The four features
selected in our best quantitative model of termination efficiencies (main text), numbered by decreasing importance (grey regions:
1=TTHP_utail_score; 2=hp_norm_dg; 3=closing_stackGC; 4=dna_dna_pattern). (B) Six terminator measurement device variants tested
here. Green (G, green box) and red (R, red box) fluorescent reporter coding sequences bracket a terminator (purple T) test site flanked by
RNase E sites (E, blue diamonds), RNase III sites (3, orange diamonds) or non-functional RNase III sites (*, orange diamonds).

5140 Nucleic Acids Research, 2013, Vol. 41, No. 9

 at Im
perial C

ollege London on January 21, 2015
http://nar.oxfordjournals.org/

D
ow

nloaded from
 

A

B

Figure 3. A wide range of termination efficiencies can be measured, enabling monotonic control of transcription read-through and downstream gene
expression. (A) Bar chart of termination efficiencies as quantified by flow cytometry for 61 terminator sequences using the RIIIG measurement
device. Error bars represent the standard deviation of TE among single cells within a population. Terminators are colored according to their
functional categories (inset legend). (B) Mapping of termination efficiencies to transcriptional read-through and expression levels. The chart
serves as a quick visual reference to determine fold expression differences arising from the terminators characterized here. For example, swapping
‘amyA(L2)’ (TE !51%) with ‘trp[min]’ (TE !90%) results in a !5-fold decrease in downstream gene expression. As a second example, swapping
‘BBa_B1006 U10’ (TE !99.4%) with ‘M13 central+rrnD T1’ (TE !99.9%) also results in a !5-fold decrease in downstream gene expression.
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• Terminator is an RNA stem/loop
• Measure by placing between 

reporter genes

Cambray et al. Nucleic Acids Research 2013 



Transcription Terminator Libraries 2

Voigt lab characterised 500+ terminators and 
used data to make a ‘terminator calculator’

• Measured natural and designed 
terminators

• Derived a biophysical model of 
RNA folding to explain efficiency

• Equation is ‘somewhat’ predictive

662 | VOL.10 NO.7 | JULY 2013 | NATURE METHODS

ARTICLES

scaffolds. For most features, the scaffolds reacted differently to 
changes: in other words, there generally was no optimal sequence 
for each feature. Notably, some substitutions were disruptive 
to strength despite that all of the sequences originated from  
strong terminators.

Each scaffold reacted differently to changes in the U-tract. 
Substituting a perfect U-tract (that is, a U-tract containing only Us)  
improved the strength of scaffold 2 and 3 but reduced the 
strength of scaffold 1 by sixfold. With the exception of the per-
fect U-tract, the optimal sequence was that associated with the 
wild-type terminator; substitutions from this sequence tended 
to be detrimental. The A-tract in general had the least effect,  
but one A-tract containing five As improved all three termina-
tors. The perfect A-tract improved scaffolds 2 and 3. Scaffold 3, 
which had the smallest hairpin stem, was the most affected by  
A-tract substitution and had the largest improvement due to bet-
ter A-tracts. Changing the A-tract simultaneously with the U-tract 
almost always recovered some of the loss in strength that occurred 
with the substitution of the U-tract alone. The exception to this 
was the double A- and U-tract substitution for scaffold 1, which 
lowered the terminator activity of the other scaffolds.

The impact of the hairpin on scaffolds 2 and 3 was as expected. 
On average, the best loop was GAAA, which forms a stable hair-
pin31. All of the terminators were strongest with the longest  
8-bp stem region and were weaker with shorter stems. Scaffold 
1 reacted very differently to substitutions across all features, but 
this sensitivity was especially apparent with the hairpin, when the 
stem or loop diverged from their native sequences. It was also the 
only scaffold for which substituting in a perfect U-tract lowered 
terminator strength. The secondary structure of the hairpin is 
predicted to be correct in the cases of both the original and the 
perfect U-tract, but if the native U-tract is present, the hairpin 
is not as extended with the perfect A-tract as it is with the native 
A-tract. We overcame this problem by substituting in a perfect 
A-tract, which leads to the formation of a long, stable hairpin, and 
the strength of the terminator was recovered.

Scaffold 1 (‘pheA-1’) was one of the strongest in the library  
(TS = 244 o 46), but it was also the most sensitive to changes in 
its sequence. The hairpin is predicted to form a pseudoknot with 
the region immediately after the U-tract (Supplementary Note 7  
and Supplementary Fig. 18). The terminator is very sensitive to 

short hairpin stems, and if the loop or the U-tract are changed 
in ways that disrupt the pseudoknot, then strength is lost. This 
terminator is unique in our library because it occurs upstream 
of the pheA gene and is involved in attenuation33, a process in 
which pseudoknots have been cited to be important for regula-
tory function34. In addition, pseudoknots are known to cause 
ribosomal ‘roadblocks’, thus decreasing translational coupling35. 
The model predicts an eightfold lower strength for this termi-
nator than what we measured, so this higher TS may represent 
the pseudoknot’s combined impact on the transcriptional and 
translational levels.

Biophysical model of terminator function
We developed a simple biophysical model to capture how the 
sequence of a terminator affects its strength. This requires a for-
malism to connect the contributions from the features that are 
observed to be important, including the U-tract $GU, the hairpin 
loop $GL, the stem base $GB and the A-tract $GA. The model 
is based on the hybrid-shearing mechanism (Supplementary 
Note 8). It considers the termination efficiency as a probability 
that RNAP will dissociate upon reaching the terminator. This 
is assumed to be a two-step process in which the hairpin has 
to nucleate and then the U-tract is ratcheted from the RNAP. 
Termination occurs when these steps occur faster than the RNAP 
progressing through the terminator4,23. Considering this mecha-
nism, we derived a kinetic model (Supplementary Fig. 19) to 
calculate the terminator strength, yielding

â S
L B A U L

T
B e B e B eG G G G G

� �
� �� 
1

1

11 4 1
1 4 1C C C$ $ $ $ $( )( )

where B1 = 0.005, B4 = 6.0, B1 = 0.6 and B4 = 0.45 are fit param-
eters (Supplementary Fig. 20). The predicted TS is calculated 
by equation (2) with the free energies provided by equations (1), 
(S7) and (S8) (Supplementary Note 8). We used equation (2) to 
fit the experimentally derived terminator strengths for all 582 
terminators (Fig. 4a).
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Figure 4 | Biophysical model of terminator strength, TS, and 
recombination propensity. (a) Measured TS plotted against the TS 
predicted by the model. Terminators with a predicted TS <1 are omitted 
from the figure. The fit to the x = y line for all terminators is R2 = 0.40. 
Syn Lib, synthetic library. (b) The largest subset of terminators that 
share at most N base pairs in sequence identity plotted against N for 
strong (TS >50, black) and moderate-to-strong (TS >10, blue) terminators. 
(c) Transfer function for the NOT gate measured when one of three 
terminators (L3S3P22, red square; ECK120029600, blue circle; L3S3P00, 
green triangle) was substituted as compared to the original terminators 
(BBa_B0015, black diamond). Error bars are the s.d. of three biological 
replicates measured on the same day. (d) Schematic and results of a  
NOT gate tested for recombination. The terminators being replaced are 
labeled with **. When the BBa_B0015 terminator was used repeatedly, 
nearly all of the plasmid showed recombination, and the function of the 
NOT gate was compromised as indicated by the on/off ratio. When the 
L3S2P56 terminator was substituted into the terminator position in  
red, recombination was minimal, and the on/off ratio of the NOT gate  
was maintained. REU, relative expression units.
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scaffolds. For most features, the scaffolds reacted differently to 
changes: in other words, there generally was no optimal sequence 
for each feature. Notably, some substitutions were disruptive 
to strength despite that all of the sequences originated from  
strong terminators.

Each scaffold reacted differently to changes in the U-tract. 
Substituting a perfect U-tract (that is, a U-tract containing only Us)  
improved the strength of scaffold 2 and 3 but reduced the 
strength of scaffold 1 by sixfold. With the exception of the per-
fect U-tract, the optimal sequence was that associated with the 
wild-type terminator; substitutions from this sequence tended 
to be detrimental. The A-tract in general had the least effect,  
but one A-tract containing five As improved all three termina-
tors. The perfect A-tract improved scaffolds 2 and 3. Scaffold 3, 
which had the smallest hairpin stem, was the most affected by  
A-tract substitution and had the largest improvement due to bet-
ter A-tracts. Changing the A-tract simultaneously with the U-tract 
almost always recovered some of the loss in strength that occurred 
with the substitution of the U-tract alone. The exception to this 
was the double A- and U-tract substitution for scaffold 1, which 
lowered the terminator activity of the other scaffolds.

The impact of the hairpin on scaffolds 2 and 3 was as expected. 
On average, the best loop was GAAA, which forms a stable hair-
pin31. All of the terminators were strongest with the longest  
8-bp stem region and were weaker with shorter stems. Scaffold 
1 reacted very differently to substitutions across all features, but 
this sensitivity was especially apparent with the hairpin, when the 
stem or loop diverged from their native sequences. It was also the 
only scaffold for which substituting in a perfect U-tract lowered 
terminator strength. The secondary structure of the hairpin is 
predicted to be correct in the cases of both the original and the 
perfect U-tract, but if the native U-tract is present, the hairpin 
is not as extended with the perfect A-tract as it is with the native 
A-tract. We overcame this problem by substituting in a perfect 
A-tract, which leads to the formation of a long, stable hairpin, and 
the strength of the terminator was recovered.

Scaffold 1 (‘pheA-1’) was one of the strongest in the library  
(TS = 244 o 46), but it was also the most sensitive to changes in 
its sequence. The hairpin is predicted to form a pseudoknot with 
the region immediately after the U-tract (Supplementary Note 7  
and Supplementary Fig. 18). The terminator is very sensitive to 

short hairpin stems, and if the loop or the U-tract are changed 
in ways that disrupt the pseudoknot, then strength is lost. This 
terminator is unique in our library because it occurs upstream 
of the pheA gene and is involved in attenuation33, a process in 
which pseudoknots have been cited to be important for regula-
tory function34. In addition, pseudoknots are known to cause 
ribosomal ‘roadblocks’, thus decreasing translational coupling35. 
The model predicts an eightfold lower strength for this termi-
nator than what we measured, so this higher TS may represent 
the pseudoknot’s combined impact on the transcriptional and 
translational levels.

Biophysical model of terminator function
We developed a simple biophysical model to capture how the 
sequence of a terminator affects its strength. This requires a for-
malism to connect the contributions from the features that are 
observed to be important, including the U-tract $GU, the hairpin 
loop $GL, the stem base $GB and the A-tract $GA. The model 
is based on the hybrid-shearing mechanism (Supplementary 
Note 8). It considers the termination efficiency as a probability 
that RNAP will dissociate upon reaching the terminator. This 
is assumed to be a two-step process in which the hairpin has 
to nucleate and then the U-tract is ratcheted from the RNAP. 
Termination occurs when these steps occur faster than the RNAP 
progressing through the terminator4,23. Considering this mecha-
nism, we derived a kinetic model (Supplementary Fig. 19) to 
calculate the terminator strength, yielding
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where B1 = 0.005, B4 = 6.0, B1 = 0.6 and B4 = 0.45 are fit param-
eters (Supplementary Fig. 20). The predicted TS is calculated 
by equation (2) with the free energies provided by equations (1), 
(S7) and (S8) (Supplementary Note 8). We used equation (2) to 
fit the experimentally derived terminator strengths for all 582 
terminators (Fig. 4a).
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recombination propensity. (a) Measured TS plotted against the TS 
predicted by the model. Terminators with a predicted TS <1 are omitted 
from the figure. The fit to the x = y line for all terminators is R2 = 0.40. 
Syn Lib, synthetic library. (b) The largest subset of terminators that 
share at most N base pairs in sequence identity plotted against N for 
strong (TS >50, black) and moderate-to-strong (TS >10, blue) terminators. 
(c) Transfer function for the NOT gate measured when one of three 
terminators (L3S3P22, red square; ECK120029600, blue circle; L3S3P00, 
green triangle) was substituted as compared to the original terminators 
(BBa_B0015, black diamond). Error bars are the s.d. of three biological 
replicates measured on the same day. (d) Schematic and results of a  
NOT gate tested for recombination. The terminators being replaced are 
labeled with **. When the BBa_B0015 terminator was used repeatedly, 
nearly all of the plasmid showed recombination, and the function of the 
NOT gate was compromised as indicated by the on/off ratio. When the 
L3S2P56 terminator was substituted into the terminator position in  
red, recombination was minimal, and the on/off ratio of the NOT gate  
was maintained. REU, relative expression units.
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calculated by applying equation (S1) (Supplementary Note 1) 
and using the fluorescence data, and the plasmid with no termi-
nator insert was used as reference (TS = 1.00 o 0.36 s.d.) (Fig. 1b 
and Supplementary Note 1). We used this assay to measure the 
strengths of the complete library of E. coli natural and reverse 
(Fig. 1c and Supplementary Fig. 1a) and synthetic termina-
tors (Fig. 1d and Supplementary Fig. 1b; data and sequences 
are in Supplementary Tables 2 and 3, and terminator librar-
ies are available at Addgene (Online Methods)). A small frac-
tion of terminators exhibited unusual expression patterns 
and were removed (Supplementary Note 2, Supplementary  
Table 4 and Supplementary Figs. 2–7). The strongest forward 
terminator from the Registry was BBa_B0010 (TS = 84 o 12),  
which forms the basis for many of the strong double ter-
minators (two terminators placed in tandem) used in syn-
thetic constructs. In the library, there are 11 stronger E. coli  
terminators. There are 87 forward terminators with TS >10,  
corresponding to terminator efficiencies greater than 90%.

Determination of terminator design constraints
We used the data from the library of E. coli forward terminators 
to identify the sequence features leading to their strengths. The 
major contributors to terminator strength are discussed here, and 
additional parameters are discussed in Supplementary Notes 3–5 
(Supplementary Figs. 8–15). The strongest contributor is the U-tract, 
which encompasses the 8 nucleotides immediately downstream of the 
hairpin5,11,14 (Fig. 2a). Data are shown for the probability of observing 
a U at each position in the U-tract for those terminators that are strong 
(TS > 40) or weak (TS < 3) and for the complete library (Fig. 2b). 
There was a notable decline along the U-tract in the probability of 
observing a U that went from near unity (for strong terminators) to 
the probability expected from a random distribution of nucleotides 
at position 11. Among strong terminators there was a sharp drop in 
the bias toward U that occurred at position 7.

The biochemical role of the U-tract is to provide a weak base-
pairing to the template DNA that favors dissociation. The free 
energy of binding between the U-tract and the template DNA, 
$GU, can be calculated using
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where NU = 8 is the length of the U-tract, $G0RNA:DNA is the initia-
tion term for RNA:DNA hybridization and $GRNA:DNA(ni, ni +1) is 
the free-energy contribution of the RNA:DNA hybridization from 
the dinucleotide pair at positions i and i + 1 (ref. 8). As expected, 

(1)(1)

terminator strength correlated with $GU: strong terminators had 
higher values, thus favoring dissociation (Fig. 2c).

Hairpins are a central feature of terminators and serve as 
the basis for computational methods that search genomes for  
terminators13,15,17–19,21. To determine the free energy of hairpin 
folding ($GH), we used KineFold to simulate the kinetic folding 
of mRNA as it is transcribed by RNAP29 and then Vienna RNA30 
to calculate $GH for the kinetically identified structure. There 
was a weak correlation between $GH and TS and no correlation 
between TS and loop or stem length (Supplementary Note 3 
and Supplementary Fig. 8). However, there was a correlation 
between TS and the free energy for the closure of the hairpin 
loop, $GL (Fig. 2d). Strong terminators had a low $GL, meaning 
that it is easier to form the loop, which suggests a kinetic mecha-
nism that favors rapid loop closure. This is consistent with the 
observation that the most highly observed terminator loop size 
is a tetraloop, which increases the stability and rate of folding31, 
and with an inverse correlation between TS and stem mismatches 
(Supplementary Note 3).

We observed a correlation between strength and the base con-
tent of the hairpin stem, but it was not equal at every position. 
Among strong terminators, the GC content was enriched only 
at the base of the stem (Fig. 2e) and not near the hairpin loop 
(Fig. 2f). This is consistent with a previous hypothesis that the 
free energy released from the base-pairing at the base of the stem 
contributes the most to the ratcheting of the U-tract off of the 
DNA5,32. The free energy of the base ($GB) is the sum of the base-
pair energies of the b1–b3 nucleotides. Stronger terminators had 
a lower value of $GB (Fig. 2g).
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Figure 1 | Measurement of terminator strength for the natural and 
synthetic libraries. (a) Terminators are inserted between two fluorescent 
proteins in the reporter plasmid. The ** in the plasmid name is a 
placeholder for the specific terminator (Supplementary Tables 2– 4).  
RBS, ribosome-binding site. (b) Fluorescence from GFP and RFP are 
measured in the uninduced (−) and induced (+) states. The control 
plasmid lacks a terminator. Error bars are s.d. calculated from at least 
three measurements performed on different days. a.u., arbitrary units. 
(c,d) Terminator strengths measured for the natural (c) and synthetic (d)  
libraries. The data and sequences for each terminator are provided in 
Supplementary Tables 2 and 3. Commonly used terminators from the 
Registry of Standard Biological Parts are shown in blue as a reference. 
Terminators measured in the reverse orientation (-R) are in red. 
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calculated by applying equation (S1) (Supplementary Note 1) 
and using the fluorescence data, and the plasmid with no termi-
nator insert was used as reference (TS = 1.00 o 0.36 s.d.) (Fig. 1b 
and Supplementary Note 1). We used this assay to measure the 
strengths of the complete library of E. coli natural and reverse 
(Fig. 1c and Supplementary Fig. 1a) and synthetic termina-
tors (Fig. 1d and Supplementary Fig. 1b; data and sequences 
are in Supplementary Tables 2 and 3, and terminator librar-
ies are available at Addgene (Online Methods)). A small frac-
tion of terminators exhibited unusual expression patterns 
and were removed (Supplementary Note 2, Supplementary  
Table 4 and Supplementary Figs. 2–7). The strongest forward 
terminator from the Registry was BBa_B0010 (TS = 84 o 12),  
which forms the basis for many of the strong double ter-
minators (two terminators placed in tandem) used in syn-
thetic constructs. In the library, there are 11 stronger E. coli  
terminators. There are 87 forward terminators with TS >10,  
corresponding to terminator efficiencies greater than 90%.

Determination of terminator design constraints
We used the data from the library of E. coli forward terminators 
to identify the sequence features leading to their strengths. The 
major contributors to terminator strength are discussed here, and 
additional parameters are discussed in Supplementary Notes 3–5 
(Supplementary Figs. 8–15). The strongest contributor is the U-tract, 
which encompasses the 8 nucleotides immediately downstream of the 
hairpin5,11,14 (Fig. 2a). Data are shown for the probability of observing 
a U at each position in the U-tract for those terminators that are strong 
(TS > 40) or weak (TS < 3) and for the complete library (Fig. 2b). 
There was a notable decline along the U-tract in the probability of 
observing a U that went from near unity (for strong terminators) to 
the probability expected from a random distribution of nucleotides 
at position 11. Among strong terminators there was a sharp drop in 
the bias toward U that occurred at position 7.

The biochemical role of the U-tract is to provide a weak base-
pairing to the template DNA that favors dissociation. The free 
energy of binding between the U-tract and the template DNA, 
$GU, can be calculated using
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the free-energy contribution of the RNA:DNA hybridization from 
the dinucleotide pair at positions i and i + 1 (ref. 8). As expected, 
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terminator strength correlated with $GU: strong terminators had 
higher values, thus favoring dissociation (Fig. 2c).

Hairpins are a central feature of terminators and serve as 
the basis for computational methods that search genomes for  
terminators13,15,17–19,21. To determine the free energy of hairpin 
folding ($GH), we used KineFold to simulate the kinetic folding 
of mRNA as it is transcribed by RNAP29 and then Vienna RNA30 
to calculate $GH for the kinetically identified structure. There 
was a weak correlation between $GH and TS and no correlation 
between TS and loop or stem length (Supplementary Note 3 
and Supplementary Fig. 8). However, there was a correlation 
between TS and the free energy for the closure of the hairpin 
loop, $GL (Fig. 2d). Strong terminators had a low $GL, meaning 
that it is easier to form the loop, which suggests a kinetic mecha-
nism that favors rapid loop closure. This is consistent with the 
observation that the most highly observed terminator loop size 
is a tetraloop, which increases the stability and rate of folding31, 
and with an inverse correlation between TS and stem mismatches 
(Supplementary Note 3).

We observed a correlation between strength and the base con-
tent of the hairpin stem, but it was not equal at every position. 
Among strong terminators, the GC content was enriched only 
at the base of the stem (Fig. 2e) and not near the hairpin loop 
(Fig. 2f). This is consistent with a previous hypothesis that the 
free energy released from the base-pairing at the base of the stem 
contributes the most to the ratcheting of the U-tract off of the 
DNA5,32. The free energy of the base ($GB) is the sum of the base-
pair energies of the b1–b3 nucleotides. Stronger terminators had 
a lower value of $GB (Fig. 2g).
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Figure 1 | Measurement of terminator strength for the natural and 
synthetic libraries. (a) Terminators are inserted between two fluorescent 
proteins in the reporter plasmid. The ** in the plasmid name is a 
placeholder for the specific terminator (Supplementary Tables 2– 4).  
RBS, ribosome-binding site. (b) Fluorescence from GFP and RFP are 
measured in the uninduced (−) and induced (+) states. The control 
plasmid lacks a terminator. Error bars are s.d. calculated from at least 
three measurements performed on different days. a.u., arbitrary units. 
(c,d) Terminator strengths measured for the natural (c) and synthetic (d)  
libraries. The data and sequences for each terminator are provided in 
Supplementary Tables 2 and 3. Commonly used terminators from the 
Registry of Standard Biological Parts are shown in blue as a reference. 
Terminators measured in the reverse orientation (-R) are in red. 
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We’re halfway there…

• Constitutive Promoter Libraries
• RBS Designs and RBS Libraries
• Tricks to account for ‘context’ effects
• Terminator Libraries

• Time to now get a bit more complex...



Regulators & Regulated Promoters

These are the key pairs of parts that enable logic

TetR and pTet (-) AraC and pAraBAD (+/-)
LacI and pLac (-) cI and pOR1(-)

LuxR and pLux (+) OmpR-P and pOmpC (+)

Classic transcription factor/promoter pairs behave differently

For scalable logic we need hundreds of predictable pairs



Regulators & Regulated Promoters
Complexity of devices can’t increase without  a 
large orthogonal set of predictable regulators 

and promoter pairs 

Purnick & Weiss. Nature Reviews Mol Cell Biol. 2009 



1: Modular transcription factors: 
Zinc Finger Proteins

library of sTF-promoter pairs were tested for activation by trig-
gering our synthetic circuits. We found that the sTFs activated
yEGFP expression from cognate promoters by factors of 1.3–
6.6 (compared to uninduced cells) (Figure 3B), showing that we
could indeed make sequence-specific transcriptional connec-
tions with artificially designed ZF arrays. Notably, yEGFP expres-
sion levels in uninduced cells were mostly found to be similar to
the basal expression levels of cells harboring only synthetic
promoters (Figure S2). Thus, in general, a signal was produced
only when we induced expression of an sTF in the presence of
a cognate promoter.

We next investigated whether the transcriptional connections
made within our library of sTFs were indeed specific only to their
cognate synthetic promoters. We selected a subset of six sTFs
from our library that exhibited robust activation (>2.5-fold) (Fig-
ure 3B, red stars), and crossed them with each of the other non-
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13-6 a GAA GAT GGT gTNQKLEV VRHNLQR QHPNLTR GAATTC GGATTC
sTF Binding sequenceFinger 1 Finger 2

SYNTHETIC PROMOTER OPERATORSZINC FINGER RESIDUES
Finger 3 EcoRI BamHI

14-3 g GAC GAC GGC aAPSKLDR LGENLRR DGGNLGR GAATTC GGATTC
21-16 a TTA GAA GTG aRNFILQR QGGNLVR QQTGLNV GAATTC GGATTC
36-4 c GAA GAC GCT gGRQALDR DKANLTR QRNNLGR GAATTC GGATTC
37-12 t GAG GAC GTG tRNFILQR DRANLRR RHDQLTR GAATTC GGATTC
42-10 a GAC GCT GCT cTGQILDR VAHSLKR DPSNLRR GAATTC GGATTC
43-8 a GAG TGA GGA cRQDRLDR QKEHLAG RRDNLNR GAATTC GGATTC
54-8 a TGG GTG GCA tNKTDLGR RRDMLRR RMDHLAG GAATTC GGATTC
55-1 c TGG GGT GCC cDESTLRR MKHHLGR RSDHLSL GAATTC GGATTC
62-1 g GCC GAA GAT aTGQRLRI QNQNLAR DKSVLAR GAATTC GGATTC
92-1 a GAT GTA GCC tDSPTLRR QRSSLVR ERGNLTR GAATTC GGATTC

93-10 c TTT GTT GGC aAPSKLKR HKSSLTR QRNALSG GAATTC GGATTC
97-4 a TTA TGG GAG aRQSNLSR RNEHLVL QKTGLRV GAATTC GGATTC

129-3 c GGG GAC GTC aTAAVLTR DRANLTR RIDKLGD GAATTC GGATTC
150-4 g GTG TAG GGG tKGERLVR RMDNLST RKDALNR GAATTC GGATTC
151-1 t GCA GGA GGT gIPNHLAR QSAHLKR QDVSLVR GAATTC GGATTC
158-2 t GTA GAT GGA gDKTKLRV VRHNLTR QSTSLQR GAATTC GGATTC
172-5 a GGA GGG GCT cMKNTLTR RQEHLVR QKPHLSR GAATTC GGATTC
173-3 a GAT GAA GCT gSAQALAR QQTNLAR VGSNLTR GAATTC GGATTC

Figure 3. Wiring a Library of Specific and
Orthogonal Transcriptional Connections
with Engineered ZF Arrays
(A) sTF-promoter pair library sequences. Amino

acid residues of the recognition helices for 19

OPEN-engineered three-finger arrays, and corre-

sponding DNA binding sequences (ZF binding

sequences were inserted between EcoRI and

BamHI sites within synthetic promoters).

(B) sTFs activate transcription from cognate

synthetic promoters. ‘‘Fold activation’’ valueswere

calculated as the ratio of fluorescence values from

induced cells (500 ng/ml ATc) to those from unin-

duced cells. Red stars denote the six sTF-

promoter pairs chosen to test for orthogonality.

(C) sTFs constructed from OPEN-engineered ZFs

are orthogonal to one another. sTF43-8 activated

noncognate Promoter21-16 due to the fortuitous

creation of a sequence that is significantly similar

to the binding sequence of 43-8, when the down-

stream BamHI restriction site is considered (A,

blue boxes).

(D) Fitness cost of sTF expression on host cell

growth at 30 hr after circuit induction (‘‘no ZF’’ =

strain with synthetic promoter and sTF cassette

lacking a ZF array). Error bars represent SD of

three experiments.

See also Figures S2 and S3.

cognate promoters. Upon triggering the
circuit, we observed no cross-activation
in the subset of tested sTFs (Figure 3C)
with one notable exception: the effect of
sTF43-8 on Promoter21-16. Examination of
the sequence just downstream of the ZF
operator for Promoter21-16 revealed the
fortuitous creation of a sequence pos-
sessing significant similarity to the
binding sequence of 43-8 (at 8 out of
9 bps) (Figure 3A, blue boxes). Thus, we
attribute the observed cross-activation
to the presence of this binding sequence
within the noncognate promoter. Overall,
these results show that synthetic tran-

scriptional connections can be designed to be orthogonal to
one another by using the OPEN method to engineer the DNA-
binding specificities of ZF arrays.
In the design of synthetic elements and gene circuitry, a further

‘‘orthogonality’’ criterion is the degree to which the synthetic
system interacts with pathways and machinery native to the
cellular host. Ideally, insulated networks would interact with
host pathways only at desired nodes and otherwise function
independently. Using our synthetic yeast platform, we investi-
gated one potential and rapid method for assessing sTF-host
interactions. Specifically, we measured the growth of cells with
and without the induction of sTFs, under the assumption that
unwanted interactions with the host genome would impose
a fitness cost on the cells. We observed no adverse or modest
effects on growth in the great majority of sTFs from our library
(Figure 3D and Figure S3). Our scheme may thus represent
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library of sTF-promoter pairs were tested for activation by trig-
gering our synthetic circuits. We found that the sTFs activated
yEGFP expression from cognate promoters by factors of 1.3–
6.6 (compared to uninduced cells) (Figure 3B), showing that we
could indeed make sequence-specific transcriptional connec-
tions with artificially designed ZF arrays. Notably, yEGFP expres-
sion levels in uninduced cells were mostly found to be similar to
the basal expression levels of cells harboring only synthetic
promoters (Figure S2). Thus, in general, a signal was produced
only when we induced expression of an sTF in the presence of
a cognate promoter.

We next investigated whether the transcriptional connections
made within our library of sTFs were indeed specific only to their
cognate synthetic promoters. We selected a subset of six sTFs
from our library that exhibited robust activation (>2.5-fold) (Fig-
ure 3B, red stars), and crossed them with each of the other non-
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(A) sTF-promoter pair library sequences. Amino

acid residues of the recognition helices for 19
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sponding DNA binding sequences (ZF binding

sequences were inserted between EcoRI and

BamHI sites within synthetic promoters).
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calculated as the ratio of fluorescence values from

induced cells (500 ng/ml ATc) to those from unin-

duced cells. Red stars denote the six sTF-

promoter pairs chosen to test for orthogonality.
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noncognate Promoter21-16 due to the fortuitous

creation of a sequence that is significantly similar

to the binding sequence of 43-8, when the down-

stream BamHI restriction site is considered (A,

blue boxes).

(D) Fitness cost of sTF expression on host cell

growth at 30 hr after circuit induction (‘‘no ZF’’ =

strain with synthetic promoter and sTF cassette
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three experiments.
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cognate promoters. Upon triggering the
circuit, we observed no cross-activation
in the subset of tested sTFs (Figure 3C)
with one notable exception: the effect of
sTF43-8 on Promoter21-16. Examination of
the sequence just downstream of the ZF
operator for Promoter21-16 revealed the
fortuitous creation of a sequence pos-
sessing significant similarity to the
binding sequence of 43-8 (at 8 out of
9 bps) (Figure 3A, blue boxes). Thus, we
attribute the observed cross-activation
to the presence of this binding sequence
within the noncognate promoter. Overall,
these results show that synthetic tran-

scriptional connections can be designed to be orthogonal to
one another by using the OPEN method to engineer the DNA-
binding specificities of ZF arrays.
In the design of synthetic elements and gene circuitry, a further

‘‘orthogonality’’ criterion is the degree to which the synthetic
system interacts with pathways and machinery native to the
cellular host. Ideally, insulated networks would interact with
host pathways only at desired nodes and otherwise function
independently. Using our synthetic yeast platform, we investi-
gated one potential and rapid method for assessing sTF-host
interactions. Specifically, we measured the growth of cells with
and without the induction of sTFs, under the assumption that
unwanted interactions with the host genome would impose
a fitness cost on the cells. We observed no adverse or modest
effects on growth in the great majority of sTFs from our library
(Figure 3D and Figure S3). Our scheme may thus represent
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Using the OPEN platform, we construct a library of specific
and orthogonal sTF-promoter pairs, and demonstrate that these
pairs can be used to wire synthetic transcriptional cascades in
Saccharomyces cerevisiae. We then use these circuits as
a testbed system for exploring the relationship between circuit
output and sTF function. We find that a few, key properties,
e.g., DNA specificity, DNA affinity, promoter-operator design,
and protein interactions, can be rationally and independently
adjusted to tune transcriptional behavior. For example, we
demonstrate the tuning of transcriptional output through the
perturbation of ZF binding affinity and operator number. Addi-
tionally, we engineer cooperative transcriptional systems by
multimerizing weakly-activating sTF monomers using modular
protein-protein interaction domains. Finally, in order to syntheti-
cally explore transcriptional signal integration, we construct a set
of simple two-input promoters that recruit two individual sTFs.
By systematically altering the architecture of the complex
through subtle changes to the component properties of the
sTFs, we can assign entirely different transcriptional roles to an
individual sTF and thus dramatically alter the signal processing
of the system.

RESULTS

Wiring Specific and Orthogonal Transcriptional
Connections with a Library of Synthetic
TF-Promoter Pairs
Transcriptional networks, natural and synthetic, are wired
together with sequence-specific protein-DNA interactions. We
sought to program DNA-binding specificity, via artificial ZF
proteins, in order to wire specific and orthogonal transcriptional
connections in the eukaryote, S. cerevisiae. To do so, we first
devised a platform by which ZF-based sTFs could be readily
constructed and customized. The platform consists of a
cassette, into which artificial three-finger arrays with engineered
specificities are inserted to generate sTF species. The sTF
cassette is paired with a synthetic promoter bearing ZF binding
sequences that act as operators for the sTFs (Figure 2A).
Transcriptional activation is one of the most common mecha-

nisms for the control of gene regulation and appears to be a
universally conserved process in all eukaryotes, from fungi to
metazoans (Fischer et al., 1988; Ma et al., 1988; Webster et al.,
1988). We utilized the principle of activation by recruitment
(Ptashne, 1988; Ptashne and Gann, 1997) to test our sTFs as
minimal transcriptional activators. In our design, the engineered
ZF array recapitulates the TF function of binding to a specific
DNA site, in this case, to its cognate 9 bp operator in a synthetic
promoter. The ZF protein is fused to a VP16 minimal activation
domain (AD), which autonomously facilitates recruitment of the
RNA polymerase II machinery for mRNA initiation (Ptashne,
1988). This scheme provides a decoupled, modular approach
to transcriptional activation, whereby TFs and the initiation
machinery can be synthetically recruited in combinatorial
fashion. From these components, we constructed a synthetic
transcriptional cascade and used it as a test bed for rationally
customizing the properties of our transcriptional components
to program in vivo behaviors (Figure 2A). Within the circuit, sTF
activators are first transcribed from a previously described

TetR-controlled GAL1 promoter (Ellis et al., 2009; Murphy
et al., 2007), which is induced by anhydrotetracycline (ATc).
Addition of ATc activates flux through the circuit to produce
sTF activators, which in turn activate downstream transcription
from cognate synthetic promoters to produce yEGFP expres-
sion (Figure 2B; Figure S1 available online). The resulting gene
regulatory transfer function, which combines the effects of the
TetR expression system and the operation of sTFs on their
synthetic promoters, exhibits monotonic, dose-dependent
production of yEGFP (Figure 2B). These results suggest that
desired synthetic transcriptional connections can be made
based on the specificity of engineered ZF proteins to their target
sites.
With the OPEN selection system, we have the ability to rapidly

alter the ZF-DNA interaction specificity to create a large library
of interaction partners (i.e., engineered ZF proteins and corre-
sponding target sites). We used artificial ZF arrays constructed
by OPEN to generate a library of sTF-promoter pairs. In partic-
ular, we identified 19 three-finger arrays with binding specificities
predicted to be orthogonal to one another (we predominately
chose OPEN ZF arrays that had been engineered to bind
sequences in orthologous genes found in plants, insects, and
metazoans) (Figure 3A). The artificial arrays and cognate binding
sequences were inserted into our framework, and the resulting

A

B

M
e
a
n
 f
lu
o
r
e
s
c
e
n
c
e
 

in
t
e
n
s
it
y
 p
e
r
 c
e
ll
 (
A
U
)

10
–4

10
–3

10
–2

10
–1

10
0

10
1

5.10

0

3

1.10
4

1.5.10
4

Inducible

TetRATc

pGAL1

SYNTHETICSYNTHETIC

TRANSCRIPTION FACTORTRANSCRIPTION FACTOR

SYNTHETICSYNTHETIC

PROMOTERPROMOTER

ZF operatorsTF cassette

NLSNLS AD ZF ARRAY yEGFP

Operates on 

AD

Figure 2. Artificial ZFs Can Be Used to Construct Synthetic Tran-
scriptional Activators
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sTF activators are composed of artificial ZF arrays fused to a herpes simplex

VP16 activation domain (AD) and a nuclear localization sequence (NLS). Upon

induction, the sTF operates on a cognate synthetic promoter—minimal CYC1

promoter engineered with ZF binding sequences directly upstream of the

TATA box—to direct the expression of a yeast-enhanced green fluorescent

protein (yEGFP) reporter. Circuits were chromosomally integrated into

S. cerevisiae.

(B) sTF activator circuits built from artificial ZF arrays activate transcription

from cognate synthetic promoters in a dose-dependent fashion (ZF 37-12

shown here). Points represent mean values for three experiments ± SD.

See also Figure S1.
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3: ‘Part Mining’ for Orthogonal Regulators
To get an orthogonal set of repressors and promoter pairs for E. coli 
Stanton et al. ‘mined’ DNA diversity from microbe genome sequences
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To increase the number of available gates, we used DNA syn-
thesis to access repressors selected from the sequence database 
and screened them to identify an orthogonal subset. Using an  
in vitro microarray assay, the DNA binding preferences for indi-
vidual repressors were comprehensively examined, from which 
well-defined motifs were obtained. This information, together 
with previously identified operator sequences, was used to con-
struct synthetic promoter libraries to identify those that were highly 
repressed. The resulting repressor-promoter pairs were systemati-
cally converted into NOT gates, their cross-reactions were measured 
in all combinations and then they were used to construct composite 
circuits in vivo. Overall, this work represents a large set of compat-
ible, orthogonal components from which user-defined circuits can 
be constructed by simply changing the pattern of input and output 
promoters between a set of conserved gates.

RESULTS
Construction and characterization of a TetR homolog library
We developed a pipeline to expand the number of available TetR 
family repressors, to exhaustively measure their activity and orthog-
onality and to characterize them in the context of genetic gates 
(Fig. 1b). TetR homologs encompass one of the largest families of 
transcription factors, with 82,017 members currently annotated 
in EMBL-EBI35. To build a library of homologs, we started with 
73 repressors obtained from a collated list of TetR homologs with 
known regulatory functions from diverse organisms22 (Fig. 1c). 
Redundant sequences and incomplete entries were excluded from 
the list. This set contains homologs from 45 distinct prokaryotic 
species and has an average amino acid identity of 21%. Genes were 
codon optimized for expression in a set of target organisms and 
built using DNA synthesis (sequences and sources of each repressor 
are provided in Supplementary Data Set 1).

For the majority of repressors in the library, the DNA sequences to 
which they bound were unknown. We adapted an assay based on cog-
nate site identifier (CSI) array analysis to determine their operators36.  

Previously, these arrays had been designed to assay transcription 
factors that bind a 4- to 6-base-pair (bp) operator37. To screen for 
binding by our repressors, we designed a CSI array to accommo-
date the inverted repeat–containing operator sequences bound by 
TetR homologs (described in Online Methods and Supplementary 
Results, Supplementary Fig. 1 and Supplementary Table 1). The 
array contained a unique putative binding sequence at each of its  
2.1 million spots. All of the possible 28-bp sequences were represented  
(Fig. 2a), with the additional criteria that each sequence must have 
(i) a perfect 14-bp inverted repeat, (ii) a GC content of a51% and 
(iii) three fixed positions. We recombinantly expressed, purified and 
labeled each repressor with a cyanine 5-conjugated antibody and, in 
the case where binding was observed, applied the repressor to two 
replicate arrays. Those array features that had high intensity values 
across two independent arrays (where features were associated with 
a coefficient of variation <0.25) were selected, and the corresponding 
sequences were analyzed by MEME38 to identify consensus motifs 
(sequences representing each motif are provided in Supplementary 
Data Set 2). From this analysis, ten repressors yielded well-defined 
motifs (Fig. 2b). The operators for McbR, PsrA, QacR and ScbR 
had been previously identified, and the array data closely matched 
sequences from the literature (Supplementary Fig. 2). For each of 
the array-based motifs, the operon encoding the repressor (or the 
entire genome sequence when available) was analyzed for the pres-
ence of sequences similar to the array identified motifs. Sequences 
sharing a high degree of similarity are illustrated in Supplementary 
Figure 3. Substantial diversity exists among the operator sequences 
bound by different repressors within the library.

Synthetic promoter design and measurement of cross-talk
Synthetic promoters were designed to contain operator sequences 
that were either identified using the array or obtained from the 
 literature (Online Methods). A strong constitutive E. coli promoter 
(BBa_J23119) was used as a backbone into which an operator was 
placed39. Promoter libraries were constructed to determine the  
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outputs are reported in the same units4. As such, we reported these 
values as relative expression units (REUs) (Supplementary Fig. 8)39. 
REUs are calculated by normalizing the YFP output values by that 
measured from a reference standard and by separately measur-
ing the activity of the PTac input promoter as a function of IPTG 
(Supplementary Fig. 9), using the same reference standard. With 
these data, it is theoretically possible to know whether the range of 
the output of one gate is sufficient to serve as an input to the next 
gate in series.

Each gate produces a unique response function (Fig. 4). The 
dynamic ranges of the gates vary from 207-fold (SrpR) to 5-fold 
(SmcR and ButR), with an average of 51.3-fold (Supplementary 
Table 5). Cytometry distributions are shown for the ON and OFF 
states, which are narrow and have good separation, even for those 
that have a smaller dynamic range (Supplementary Fig. 10). The 
response functions can be fit to a Hill equation

(1)

where y is the activity of the output promoter, ymin is the minimum 
output, ymax is the maximum output, n is the Hill coefficient and  
K is the threshold level of input where the output is half- 
maximal. Equation (1) was used to fit the data for each gate, and the 
 parameters are shown in Supplementary Table 5.

The thresholds for the gates are similar with an average of K = 0.4 
REU and a range of 0.1 REU (TarA) to 1.3 REU (ButR). Considering 
this, all of the NOT gates have sufficiently high ON states (between 
3 REU and 70 REU) to achieve full repression by crossing the 
threshold required by a downstream circuit. However, the OFF 
states range between 0.1 REU and 2.1 REU. Because the OFF states 
are similar in magnitude to the thresholds, this can be problematic 
when connecting gates and can lead to a degradation in the signal as 
the number of layers in the circuit increases8.

Gates that exhibit ultrasensitivity generate a large output response 
with little change in the input signal. This also comes at a cost: it 
becomes increasingly difficult to balance the input to span the range 
required to achieve the maximum response. The cooperativity for 
the majority of gates is n y 2, which is consistent with that measured 
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outputs are reported in the same units4. As such, we reported these 
values as relative expression units (REUs) (Supplementary Fig. 8)39. 
REUs are calculated by normalizing the YFP output values by that 
measured from a reference standard and by separately measur-
ing the activity of the PTac input promoter as a function of IPTG 
(Supplementary Fig. 9), using the same reference standard. With 
these data, it is theoretically possible to know whether the range of 
the output of one gate is sufficient to serve as an input to the next 
gate in series.

Each gate produces a unique response function (Fig. 4). The 
dynamic ranges of the gates vary from 207-fold (SrpR) to 5-fold 
(SmcR and ButR), with an average of 51.3-fold (Supplementary 
Table 5). Cytometry distributions are shown for the ON and OFF 
states, which are narrow and have good separation, even for those 
that have a smaller dynamic range (Supplementary Fig. 10). The 
response functions can be fit to a Hill equation

(1)

where y is the activity of the output promoter, ymin is the minimum 
output, ymax is the maximum output, n is the Hill coefficient and  
K is the threshold level of input where the output is half- 
maximal. Equation (1) was used to fit the data for each gate, and the 
 parameters are shown in Supplementary Table 5.

The thresholds for the gates are similar with an average of K = 0.4 
REU and a range of 0.1 REU (TarA) to 1.3 REU (ButR). Considering 
this, all of the NOT gates have sufficiently high ON states (between 
3 REU and 70 REU) to achieve full repression by crossing the 
threshold required by a downstream circuit. However, the OFF 
states range between 0.1 REU and 2.1 REU. Because the OFF states 
are similar in magnitude to the thresholds, this can be problematic 
when connecting gates and can lead to a degradation in the signal as 
the number of layers in the circuit increases8.

Gates that exhibit ultrasensitivity generate a large output response 
with little change in the input signal. This also comes at a cost: it 
becomes increasingly difficult to balance the input to span the range 
required to achieve the maximum response. The cooperativity for 
the majority of gates is n y 2, which is consistent with that measured 
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Figure 3 | Design and screening of orthogonal promoters. (a) Degeneracy in operator sequences (Fig. 2b) is converted into a single motif. The LitR motif 
is shown (W is A/T, H is A/T/C, Y is T/C, K is G/T, M is C/A, R is A/G and D is A/T/G). The degenerate operator is placed in the BBa_J23119 constitutive 
promoter spanning either the −35 or −10 element (right panel). (b) The results of screening the LitR promoter library are shown. The fold repression is 
calculated as the ratio of fluorescence from the promoter alone and that obtained when the repressor is present and uninduced for a single replicate. 
(c) The best promoters identified in the screens are shown for each repressor that are part of the final set of 20 repressors. The operator sequence is 
shown in capital red letters, and the Shine-Dalgarno sequence is in bold letters. Those promoters lacking the Shine-Dalgarno sequence contain this 
sequence adjacent to the 3` end of the sequence listed; when not shown, the sequence up to the ATG start is identical. (d) The promoters driving YFP 
expression are carried on a p15a plasmid, and the repressors are under 3OC6-N-(B-ketocaproyl)-L-homoserine lactone–inducible control on a ColE1 
plasmid (Supplementary Figs. 4 and 5). The matrix has been sorted by eye such that the most orthogonal promoters appear at the top and the least at 
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The data represent the average of three replicates collected on different days.
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for TetR, and a mechanism of dimers binding to a single operator13. 
Five of the repressors yield gates with n > 3, with the largest being 
6.1 for Orf2. This has been observed before with TetR homologs, 
which can bind with higher cooperativities by assembling as multi-
mers or multiple dimers within a single operator40.

Transcription factors can be toxic and exhibit slow growth when 
expressed above a critical threshold41. We measured the impact 
on cell growth by recording the OD600 6 h after induction for each 
NOT gate at various levels of induction (Supplementary Fig. 11). 
The majority of repressors are nontoxic, even when maximally 
expressed. Six repressors showed toxicity at high input levels: TarA, 
ScbR, ButR, SmcR, Orf2 and HapR (with toxicity defined as >25% 
reduction of growth) (Supplementary Fig. 12). In each case, the 
toxicity occurs after the output promoter has been repressed. The 
quantification of regions of toxicity enables a designer to build cir-
cuits that avoid expression above these levels. Further, it enables a 
comparison between different biochemistries that can be used for 
the construction of integrated circuits.

Connection of gates to create integrated circuits
The NOT gates can be converted into multi-input NOR gates by 
connecting multiple promoters in series to drive repressor expres-
sion11. Logic minimization algorithms, such as ESPRESSO42, can 
convert any arbitrary user-defined truth table into a wiring diagram 

composed of layered NOR gates43. The wiring diagram can then be 
replicated as a genetic circuit through assembling a particular pat-
tern of input and output promoters connected to the gates (Fig. 5). 
By changing this assembly pattern, the same set of underlying 
orthogonal gates can be used to build any desired circuit.

To demonstrate the assembly of gates, we constructed two simple 
circuits that perform the AND (the output is ON exclusively in the 
presence of both inputs) and NAND (the output is OFF exclusively 
in the presence of both inputs) logic functions through different 
permutations of the NOT and NOR gates. The inputs to the cir-
cuits consist of different combinations of inducible promoters: PTac 
(IPTG), PLux (HSL) and PTet (aTc) (Supplementary Fig. 13). The 
NAND gate consists of two NOT gates (based on PhlF and LmrA), 
which invert the two input signals (Fig. 5a). The output of the NOT 
gates are assembled in series to form an OR gate, which then serves 
as the output of the circuit. The circuit produces the correct NAND 
function, with a sixfold difference between the OFF state (+/+) and 
the lowest ON state. The OFF state is high, which is consistent with 
the leakiness of the LmrA promoter.

The AND circuit was constructed by combining three gates  
(Fig. 5b). The PhlF NOT gate (the same as that used for the NAND 
circuit) serves to invert one of the input promoters. The other input 
promoter is inverted by the QacR NOT gate. The output promoters 
of these gates are connected to BetI to form a NOR gate, the out-
put of which drives the expression of YFP. This circuit produces a  
4.4-fold response when the ON state (+/+) and the highest OFF 
state are compared. Flow cytometry histograms for each circuit and 
the terminal gates are illustrated in Supplementary Figure 14.

To determine whether individually measured response functions 
of gates (Fig. 4) can be used to predict their combined response as 
a circuit, we developed a simple model of the NAND and AND cir-
cuits. This model simply adds the response functions of the induc-
ible inputs and the gates to obtain the response of the circuit as a 
whole, with no additional fit parameters. The OFF and ON states 
of inducible promoters that serve as inputs (PTac, PLux and PTet) were 
measured independently and converted into REU. The (OFF–ON) 
states of the inducible promoters are: PTac (0.06–6.2), PLux (0.7–8.2) 
and PTet (0.07–9.8). To determine the predicted function of a circuit, 
we tracked the combinations of signals from the input promoters 
through the gates using their response functions (equation (1)). 
This process is visualized in Supplementary Figure 15.

To model the NAND circuit, the range of PTac is inserted into 
the PhlF response function, yielding outputs of 16 REU and  
0.1 REU (Supplementary Table 6). Similarly, the range of the PLux 
input is converted to 61 REU and 1.4 REU by the LmrA response 
function. The output of the OR gate is treated as the simple sum of 
the outputs of the tandem promoters. The predicted values for the 
four combinations of input states closely match the experimental  
data (Fig. 5a).

To model the AND circuit, the output of PTac connected to the 
PhlF gate is the same as reported above (16 REU and 0.1 REU), and  
the output of PTet connected to the QacR gate is 20 REU and  
0.4 REU (Supplementary Table 7). To model the NOR gate, the 
outputs of these promoters are summed as x = x1 + x2 and serve as 
the input to the BetI response function (equation (1)). As with the 
NAND circuit, the predicted response closely matches the experi-
mental measurements (Fig. 5b). Both circuits have some quanti-
tative differences between the predictions and experimental data. 
This is most likely due to the simplicity of the model, which does 
not account for changes in genetic context, promoter interference 
between tandem promoters, plasmid copy number variation6,44 
or the growth phase under which the outputs were measured  
(Supplementary Fig. 16). Plasmids encoding all NOT gates and 
circuits have been deposited to Addgene (https://www.addgene.org/
Christopher_Voigt/).
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Figure 4 | Response function measurement. The response functions are 
measured using the IPTG-inducible PTac promoter as an input and measuring 
the response of the output promoter. The activity of the input promoter 
is measured separately using YFP. The activities of the input and output 
promoters are converted to REU. The response functions of the NOT gates 
are shown. From left to right, the concentration of IPTG is: 0 MM, 5 MM,  
10 MM, 20 MM, 30 MM, 40 MM, 50 MM, 70 MM, 100 MM, 150 MM, 200 MM,  
500 MM and 1,000 MM. As a guide to the eye, the highest (LmrA) and 
lowest (BM3R1) response functions are shown on each plot, with the region 
between them in gray. The dashed regions indicate the levels of expression 
beyond which toxicity is observed (Supplementary Figs. 11 and 12).  
The data represent the average of three replicates collected on different 
days, and error bars correspond to the s.d. between these measurements.



CRISPR – a ‘game-changer’

• CRISPR = Clustered Regularly Interspaced 
Short Palindromic Repeats

• Bacterial immune system where RNA sequences 
related to phages are made and guide a DNA-cutting 
enzyme (e.g. Cas9) to cut any DNA that matches the 
‘guide’ RNA sequence

• Together CRISPR guide RNAs and Cas9 cut DNA



CRISPR interference (CRISPRi)

determined by both sgRNA-DNA base pairing and a short DNA
motif (protospacer adjacent motif [PAM] sequence: NGG) juxta-
posed to the DNA complementary region (Marraffini and
Sontheimer, 2010). Thus, the CRISPR system only requires
a minimal set of two molecules—the Cas9 protein and the
sgRNA—and therefore holds the potential to be used as
a host-independent gene-targeting platform. Very recently, it
has been demonstrated that the Cas9/CRISPR can be har-
nessed for site-selective RNA-guided genome editing (Figure 1A)
(Mali et al., 2013; Cong et al., 2013; Jinek et al., 2013; Jiang et al.,
2013; Hwang et al., 2013; Cho et al., 2013).

To repurpose the Cas9/CRISPR for genome regulation
instead of genome editing, here we demonstrate that a catalyti-
cally inactive version of Cas9 can be repurposed as a platform
for RNA-guided transcription regulation. The transcription of
arbitrary genes can be modified by the mutant Cas9 without
genetically altering the target sequence (Figure 1B). To imple-
ment the system, we transferred the minimal Cas9/CRISPR
system from S. pyogenes to Escherichia coli (E. coli). Using
a modified Cas9 protein lacking endonucleolytic activity, we
generated an RNA-guided DNA recognition platform. Coexpres-
sion of the mutant Cas9 with an sgRNA designed with a 20 base

pair (bp) complementary region yields specific silencing of a
gene of interest without off-target effects. We call this modified
system CRISPR interference (CRISPRi). We show that CRISPRi
silencing occurs by blocking transcription and is highly efficient
with up to 1,000-fold repression. We characterize determinants
of the regulatory efficiency, including target loci, length, and
mismatches within the sgRNA base-pairing region. We also
show that multiple sgRNAs can be used simultaneously to regu-
late multiple genes. Furthermore, we demonstrate that the
CRISPRi system can be used to knock down endogenous genes
and to profile cis regulatory elements for transcription factor
binding in the lactose regulatory network. Finally, we show
that the CRISPRi system can also be used to knock down
gene expression in mammalian cells. The CRISPRi sequence-
specific targeting platform thus holds promise as a general
approach for modulating gene expression in a broad range of
host cells.

RESULTS

A Minimal CRISPRi System Consists of a Single Protein
and RNA and Can Effectively Silence Transcription
Initiation and Elongation
To implement such a CRISPRi platform in E. coli, we first ex-
pressed the wild-type S. pyogenes cas9 gene and an sgRNA
from bacterial vectors to determine whether it could perturb
gene expression at a targeted locus (Figure 2A). TheS. pyogenes
CRISPR system is orthogonal to the native E. coli system (Jinek
et al., 2012). The Cas9 protein is expressed from an anhydrote-
tracycline (aTc)-inducible promoter on a plasmid containing
a p15A replication origin, and the sgRNA is expressed from a
minimal constitutive promoter on a plasmid containing a ColE1
replication origin. Cas9 has been shown to have strong nuclease
activity. Thus, we expected that cotransformation of wild-type
Cas9 and an sgRNA that targets the E. coli genome would direct
double-stranded breaks at the target site (Mali et al., 2013; Jiang
et al., 2013). As an alternative strategy, we used a catalytically
dead Cas9 mutant (dCas9), which is defective in DNA cleavage,
hypothesizing that this form of Cas9 might still act as a simple
RNA-guided DNA-binding complex.
The sgRNAmolecules coexpressed with Cas9 each consist of

three segments: a 20 nucleotide (nt) target-specific complemen-
tary region, a 42 nt Cas9-binding hairpin (Cas9 handle), and
a 40 nt transcription terminator derived from S. pyogenes (Fig-
ure 2B). We constructed a red fluorescent protein (mRFP)-based
reporter system (Campbell et al., 2002) and inserted it into the
E. coli MG1655 genome.

Coexpression of the wild-type Cas9 protein and an sgRNA
(NT1) targeted to the mRFP coding sequence dramatically
decreased transformation efficiency (see Data S1 for sgRNA
sequences), likely due to Cas9-induced double-stranded breaks
on the genome (Figure S2A). Sequencing of a few survivor colo-
nies showed that they all had sequence rearrangements around
the target mRFP site on the genome, suggesting that there was
strong selection against expression of wild-type Cas9 and an
sgRNA targeted to a host sequence. The dCas9 mutant gene
(noncleaving), which contained two silencing mutations of
the RuvC1 and HNH nuclease domains (D10A and H841A)

cas9 sgRNA

Protein-RNA
complex assembly

Designed sgRNA chimera

RNA-guided 
targeting

RNAP

RNAP

Transcription 
block

dCas9 
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Terminator

base-pairing 
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wt Cas9
endonuclease
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B

Figure 1. Design of the CRISPR Interference System
(A) Theminimal interference system consists of a single protein and a designed

sgRNA chimera. The sgRNA chimera consists of three domains (boxed

region): a 20 nt complementary region for specific DNA binding, a 42 nt hairpin

for Cas9 binding (Cas9 handle), and a 40 nt transcription terminator derived

from S. pyogenes. The wild-type Cas9 protein contains the nuclease activity.

The dCas9 protein is defective in nuclease activity.

(B) The wild-type Cas9 protein binds to the sgRNA and forms a protein-RNA

complex. The complex binds to specific DNA targets by Watson-Crick base

pairing between the sgRNA and the DNA target. In the case of wild-type Cas9,

the DNA will be cleaved due to the nuclease activity of the Cas9 protein. We

hypothesize that the dCas9 is still able to form a complex with the sgRNA and

bind to specific DNA target. When the targeting occurs on the protein-coding

region, it could block RNA polymerase and transcript elongation.

See also Figure S1.
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sfGFP (Pédelacq et al., 2006). Two sgRNAswith distinct comple-
mentary regions to each gene were designed. Expression of
each sgRNA only silenced the cognate gene and had no effect
on the other. Coexpression of two sgRNAs knocked down
both genes (Figures 4B and 4C). These results suggest that the
sgRNA-guided targeting is specific, with the specificity dictated
by its sequence identity, and is not impacted by the presence of
other sgRNAs. This behavior should enable multiplex control of
multiple genes simultaneously by CRISPRi.

Factors that Determine CRISPRi Silencing Efficiency
To find determinants of CRISPRi targeting efficiency, we investi-
gated the roles of length, sequence complementarity, and
position on silencing efficiency (Figure 5A). As suggested in Fig-
ure 2C, the location of the sgRNA target sequence along the
gene was important for efficiency. We further designed sgRNAs
to cover the full length of the coding regions for both mRFP and
sfGFP (see Data S1 for sgRNA sequences). In all cases, repres-
sion was inversely correlated with the target distance from the
transcription start site (Figure 5B). A strong linear correlation
was observed for mRFP. A similar but slightly weaker correlation
was observed when sfGFP was used as the target, perhaps indi-
cating varying kinetics of the RNA polymerase during different
points in elongation of this gene.
The sgRNA contains a 20 bp region that is complementary to

the target. To identify the importance of this base-pairing region,
we altered the length of sgRNA NT1 (Figure 5C). Whereas exten-
sion of the region from the 50 end did not affect silencing, trunca-
tion of the region severely decreased repression. The minimal
length of the base-pairing region needed for gene silencing
was 12 bp, with further truncation leading to complete loss of
function.We also introduced singlemutations into the base-pair-
ing region of sgRNA NT1 and tested how mismatches affected
overall silencing. From our results, three subregions could be
discerned, each with a distinct contribution to the overall binding

and silencing (Figure 5D). Importantly, any single mutation of the
first 7 nt dramatically decreased repression, suggesting that this
sequence constitutes a ‘‘seed region’’ for binding, as noted
previously for both the type I and type II CRISPR systems
(Wiedenheft et al., 2011; Jinek et al., 2012; Gasiunas et al.,
2012). We further mutated adjacent nucleotides in pairs (Figures
5E and S5). In most cases, the relative repression activity due
to a double mutation was multiplicative relative to the effects
of the single mutants, suggesting an independent relationship
between the mismatches. Furthermore, in agreement with
previous results on the importance of the PAM sequence, an
incorrect PAM totally abolished silencing even with a 20 bp
perfect binding region (Figure 5E). Thus, we conclude that the
specificity of the CRISPRi system is determined jointly by the
PAM (2 bp) and at least a 12 bp sgRNA-DNA stretch, the space
of which is large enough to cover most bacterial genomes for
unique target sites.
We tested whether the efficiency of CRISPRi could be

enhanced by using two sgRNAs both targeted against the
same gene (Figures 5F and S6). Depending on the relative posi-
tioning of multiple sgRNAs, we observed distinct combinatorial
effects. Combining two sgRNAs—each with about 300-fold
repression—allowed us to increase the overall silencing to up
to 1,000-fold. Combining two weaker sgRNAs (!5-fold) showed
multiplicative effects when used together. We also observed
suppressive combinatorial effects using two sgRNAs whose
targets overlapped. This was probably due to competition of
both sgRNAs for binding to the same region.

Interrogating an Endogenous Regulatory Network Using
CRISPRi Gene Knockdown
We next tested whether the CRISPRi system could be used as
a gene knockdown platform to interrogate endogenous gene
networks. Previous methods to interrogate microbial gene
networks have mostly relied on laborious and costly genomic

A B

Figure 3. CRISPRi Functions by Blocking Transcription Elongation
(A) FLAG-tagged RNAP molecules were immunoprecipitated, and the associated nascent mRNA transcripts were sequenced. (Top) Sequencing results of the

nascentmRFP transcript in cells without sgRNA. (Bottom) Results in cells with sgRNA. In the presence of sgRNA, a strong transcriptional pause is observed 19 bp

upstream of the target site, after which the number of sequencing reads drops precipitously.

(B) A proposed CRISPRi mechanism based on physical collision between RNAP and dCas9-sgRNA. The distance from the center of RNAP to its front edge is

!19 bp, which matches well with our measured distance between the transcription pause site and 30 of sgRNA base-pairing region. The paused RNAP aborts

transcription elongation upon encountering the dCas9-sgRNA roadblock.
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Guiding dCas9 for CRISPRi

engineering and knockout procedures. By contrast, gene knock-
down with CRISPRi requires only the design and synthesis of
a small sgRNA bearing a 20 bp complementary region to the
desired genes. To demonstrate this, we applied CRISPRi to
create E. coli knockdown strains by designing sgRNAs (see
Data S1 for sgRNA sequences) to systematically perturb genes
that were part of the well-characterized E. coli lactose regulatory
pathway (Figure 6A). We performed b-galactosidase assays to
measure LacZ expression from the knockdown strains, with
and without isopropyl b-D-1-thiogalactopyranoside (IPTG),
a chemical that inhibits the lac repressor (LacI) (Lewis, 2005).
In wild-type cells, addition of IPTG induced LacZ expression.
Our results showed that a lacZ-specific sgRNA could strongly
repress LacZ expression (Figure 6B). Conversely, an sgRNA tar-
geting the lacI gene led to activation of LacZ expression even in
the absence of IPTG, as would be expected for silencing a direct
repressor of LacZ expression.

It is known that cAMP-CRP is an essential activator of LacZ
expression by binding to a cis regulatory site upstream of the
promoter (A site). Consistently, the sgRNA that was targeted to
the crp gene or to the A site in the LacZ promoter led to repres-
sion, demonstrating a means to link a regulator to its cis-regula-
tory sequence using CRISPRi experiments. Targeting the adeny-
late cylase gene (cya), which is necessary to produce the cAMP
that makes CRP more effective at the LacZ promoter, only led to
partial repression. Addition of 1 mM cAMP to the growth media
complemented the effects for cya knockdown, but not for crp
knockdown, suggesting that cya is an indirect regulator of
LacZ. Furthermore, targeting the LacI cis-regulatory site (O
site) with an sgRNA led to inhibition, presumably because
Cas9 complex binding at this site sterically blocks RNA poly-

merase, mimicking the behavior of the LacI transcription
repressor. Targeting the known RNAP-binding site (P site) also
blocked expression. In summary, these studies demonstrate
that the CRISPRi-based gene knockdown method provides
a rapid and effective approach for interrogating the regulatory
functions (activating or repressing) of genes and cis elements
in a complex regulatory network (Figure 6C).

CRISPRi Can Knock Down Targeted Gene Expression in
Human Cells
To test the generality of the CRISPRi approach for using the
dCas9-sgRNA complex to repress transcription, we tested the
system in the HEK293 mammalian cells. The dCas9 protein
was codon optimized, fused to three copies of a nuclear local-
ization sequence (NLS), and expressed from a murine stem
cell virus (MSCV) retroviral vector. The same sgRNA design
shown in Figure 2B was used to express sgRNAs from the
RNA polymerase III U6 promoter. A reporter HEK293 cell line
expressing EGFP under the SV40 promoter was created by viral
infection. Using an sgRNA (eNT2) that targeted the nontemplate
DNA strand of the EGFP-coding region (see Data S1 for sgRNA
sequences), we observed moderate but reproducible knock-
down of gene expression (46% repression; Figure 7A). The
repression is dependent on both the dCas9 protein and sgRNA,
implying that repression is due to the dCas9-sgRNA complex
and RNA-guided targeting. The same sgRNA exhibited better
repression on the same gene when transiently expressed from
a plasmid (63% repression; Figure S7). Consistent with the
bacterial system, only sgRNAs targeted to the nontemplate
strand exhibited repression. The regulatory effects in mamma-
lian cells, however, appear to be more dependent on the

A B C

Figure 4. Targeting Specificity of the CRISPRi System
(A) Genome-scale mRNA sequencing (RNA-seq) confirms that CRISPRi targeting has no off-target effects. The sgRNA NT1 that binds to the mRFP coding region

is used. The dCas9, mRFP, and sfGFP genes are highlighted.

(B) Multiple sgRNAs can independently silence two fluorescent protein reporters in the same cell. Each sgRNA specifically represses its cognate gene, but not the

other gene. When both sgRNAs are present, both genes are silenced. Error bars represent SEM from at least three biological replicates.

(C) Microscopic images for using two sgRNAs to control two fluorescent proteins. (Top) Bright-field images of the E. coli cells; (middle) RFP channel; (bottom)

GFP channel. Coexpression of one sgRNA and dCas9 only silences the cognate fluorescent protein, but not the other. The knockdown effect is strong, as

almost no fluorescence is observed from cells with certain fluorescent protein silenced. Scale bar, 10 mm. Control shows cells without any fluorescent protein

reporters.

Fluorescence results represent average and SEM of at least three biological replicates. See also Figure S4.
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Figure 2. CRISPRi Effectively Silences Transcription Elongation and Initiation
(A) The CRISPRi system consists of an inducible Cas9 protein and a designed sgRNA chimera. The dCas9 contains mutations of the RuvC1 and HNH nuclease

domains. The sgRNA chimera contains three functional domains, as described in Figure 1.

(B) Sequence of designed sgRNA (NT1) and the DNA target. NT1 targets the nontemplate DNA strand of themRFP-coding region. Only the region surrounding the

base-pairing motif (20 nt) is shown. Base-pairing nucleotides are shown in orange, and the dCas9-binding hairpin is in blue. The PAM sequence is shown in red.

(C) CRISPRi blocks transcription elongation in a strand-specific manner. A synthetic fluorescence-based reporter system containing an mRFP-coding gene is

inserted into theE. coliMG1655 genome (the nsfA locus). Six sgRNAs that bind to either the template DNA strand or the nontemplate DNA strand are coexpressed

with the dCas9 protein, with their effects on the target mRFP measured by in vivo fluorescence assay. Only sgRNAs that bind to the nontemplate DNA strand

showed silencing (10- to 300-fold). The control shows fluorescence of the cells with dCas9 protein but without the sgRNA.

(D) CRISPRi blocks transcription initiation. Five sgRNAs are designed to bind to different regions around an E. coli promoter (J23119). The transcription start site is

labeled as +1. The dotted oval shows the initial RNAP complex that covers a 75 bp region from !55 to +20. Only sgRNAs targeting regions inside of the initial

RNAP complex show repression (P1–P4). Unlike transcription elongation block, silencing is independent of the targeted DNA strand.

(E) CRISPRi regulation is reversible. Both dCas9 and sgRNA (NT1) are under the control of an aTc-inducible promoter. Cell culture was maintained during

exponential phase. At time T = 0, 1 mMof aTcwas supplemented to cells with OD = 0.001. Repression of target mRFP starts within 10min. The fluorescence signal

decays in a way that is consistent with cell growth, suggesting that the decay is due to cell division. In 240 min, the fluorescence reaches the fully repressed level.

At T = 370min, aTc is washed away from the growthmedia, and cells are diluted back to OD = 0.001. Fluorescence starts to increase after 50min and takes about

300 min to rise to the same level as the positive control. Positive control: always without the inducer; negative control: always with 1 mM aTc inducer.

Fluorescence results in (C)–(E) represent average and SEM of at least three biological replicates. See also Figures S2 and S3.
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Sequence-specific repression can be seen when guide RNAs target dCas9 to:
(a) elongating non-template strand   or   (b) core promoter template strand  
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Scalable Regulation with CRISPRi

as a circuit output (Wang et al, 2009). Natural and synthetic sRNAs

have been used to knockdown endogenous genes involved in motil-

ity (Sharma et al, 2013), iron metabolism (Kang et al, 2012),

acetone formation (Tummala et al, 2003), b-glucuronidase (Man

et al, 2011), membrane porin and flagellin genes (Sharma et al,

2012), and to increase tyrosine and cadaverine production (Na et al,
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Figure 2. Characterization of dCas9 and orthogonal sgRNA NOT gates.

A The inducible dCas9 and sgRNA system comprises a medium-copy plasmid with PTet-inducible dCas9, a high-copy plasmid with PBAD-inducible sgRNAs, and a low-
copy plasmid encoding a synthetic sgRNA-repressible promoter driving RFP.

B When sgRNA-A2NT is constitutively induced, increasing dCas9 expression causes greater repression of PA2 (lower panel), at the cost of decreased cell growth (upper
panel). All samples were grown in the presence of 2 mM arabinose. Concentrations of aTc used from left to right (ng/ml): 0.0391, 0.313, 0.625, 1.25, 5, and 10. A single
intermediate expression value for dCas9 was used for the remaining experiments (0.625 ng/ml aTc, dashed lines).

C Synthetic repressible promoters designed by modifying the sequence of promoter BBa_J23101. The !35 and !10 r70 binding sites flank forward and reverse “NGG”
protospacer adjacent motifs (PAMs) and a promoter-specific 13 bp sgRNA operator. An sgRNA bound to dCas9 will base pair with one strand of a promoter’s sgRNA
operator and one of the r70 binding sites, causing steric repression of transcription initiation. In the absence of repression, transcription of the downstream RNA
begins at the +1 site.

D The crosstalk map for all combinations of sgRNAs and synthetic promoters is shown. The heat map indicates the amount of RFP observed for that sgRNA-promoter
pair. Only cognate pairs of sgRNAs and promoters exhibit significant repression, whereas non-cognate pairs interact negligibly. Samples were grown in the presence
of 0.625 ng/ml aTc and 2 mM arabinose.

E The response function for sgRNA-A1T measured by expressing intermediate levels of sgRNA-A1T reveals a non-cooperative, log-linear relationship between the input
and output promoters. The solid line visualizes a power law fit to the data points. Error bars represent the standard deviation of fluorescence geometric mean for
three independent experiments on different days. The reporter expression when dCas9 is not induced is shown (dashed line), and all other samples were grown in the
presence of 0.625 ng/ml aTc. Concentrations of arabinose used from left to right (mM): 0, 0.0313, 0.0625, 0.125, 0.25, 0.5, 1, and 2. Inset: The power law fits for each of
the 10 sgRNAs and their cognate promoters (data presented in Supplementary Fig S3); axes values are the same as the encompassing figure.

F The temporal dynamics of dCas9 and sgRNA induction are shown. Red squares indicate induction of both dCas9 (0.625 ng/ml aTc) and sgRNA-A2NT (2 mM arabinose)
commencing at t = 0 h. Blue squares indicate uninduced cultures. After a ~90-min delay, fluorescence decreases concomitantly with cell dilution—occurring at a
rate of 33 min per doubling.
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been shown to reduce activity (Larson et al, 2013). The sgRNA

includes a guide region that targets dCas9 to the cognate bacterial

promoter. A strong terminator (Chen et al, 2013; Qi et al, 2013) is

placed after the sgRNA to stop transcription. The output of the gate

is an E. coli constitutive promoter (BBa_J23101) that has been modi-

fied to include both forward and reverse “NGG” PAMs (for targeting

either the template or non-template strands of the promoter), and a

unique 13 bp “operator” region between the !35 and !10 r70 bind-

ing sites (Fig 2C). The entire transcription unit (promoter, sgRNA,

and terminator) can be constructed from a pair of ≤ 200 nt single-

stranded DNA oligonucleotides that are annealed and extended at

the dCas9 handle region. These ssDNA oligos also encode Type IIs

restriction enzyme recognition sites that flank the transcription unit.

The resulting dsDNA modules can then be combined into a final

circuit plasmid using a one-pot Golden Gate assembly reaction

(Engler et al, 2009) (Fig 1B).

Multi-input NOR and NAND gates are “Boolean-complete” and

are each sufficient to build any user-defined digital computational

operation (Katz & Boriello, 2004). Transcription factor-based NOR

gates have previously been built by placing two input promoters in

series upstream from a repressor gene (Tamsir et al, 2011; Stanton

et al, 2014). Without additional RNA processing, this design does

not work for sgRNA circuits because of the detrimental influence of

50-mismatches and the “roadblocking” effect of CRISPRi, which is

small for template-targeting sgRNAs and substantial for non-

template-targeting sgRNAs (Qi et al, 2013). Hammerhead ribozymes

and endoRNase cleavage of 50-mismatches have both been shown to

effectively remove extraneous 50-RNA from sgRNAs (Gao & Zhao,

2014; Nissim et al, 2014) and could be employed in multi-input

dCas9 circuits. Instead, our design is based on two transcription

units per NOR gate, each of which contains a different input

promoter. When either promoter is active, the sgRNA is transcribed

and represses the output promoter. This design allows larger circuits

to be constructed simply by changing the pattern of input and

output promoters around the sgRNAs. This approach requires that

the sgRNAs be able to be layered into a cascade, which has been

shown to work in mammalian cells (Kiani et al, 2014; Nissim et al,

2014).

Linking the output(s) of a genetic circuit to regulate host genes

provides control over cellular responses. For example, cells could be

programmed to sense the cell density in a fermenter and respond by

expressing enzymes to redirect flux through global metabolism

(Nielsen et al, 2014). Similarly, the cell phenotype could be

controlled, like the ability to swim or associate into biofilms. Vari-

ous approaches have been taken to link synthetic circuits to endoge-

nous genes. For example, MAGE has been used to insert T7 RNAP

promoters upstream from genes participating in lycopene biosynthe-

sis in order to upregulate production by expressing the polymerase
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Figure 1. Schematics of dCas9 logic circuit design and construction.

A CRISPR/Cas-based NOT gates comprise a catalytically dead dCas9 protein, an input promoter that transcribes a small guide RNA (sgRNA), and a synthetic output
promoter with an sgRNA operator between the –35 and !10 sigma factor binding sites. When the dCas9 handle of the sgRNA (dark green) complexes with dCas9
(blue), the sgRNA binds the operator (light green) and a sigma factor binding site (gray), causing steric repression of transcription initiation at the output promoter.

B CRISPR/Cas genetic circuits are easily constructed from pairs of ssDNA oligonucleotides ≤ 200 nt long that encode the necessary genetic parts (promoter, sgRNA,
terminator, assembly scars, and restriction enzyme recognition sites). These oligos are annealed to each other at the dCas9 handle and extended. The resulting dsDNA
modules are assembled in a one-pot Golden Gate assembly reaction. (Colored diamonds are assembly scars.)

C Genetic circuits that respond to chemical input signals can be constructed from simple NOT and NOR gate motifs. In these circuits, dCas9 (blue) mediates repression
of synthetic promoters by programmable sgRNAs (visualized as solid colored rectangles from here on). Both heterologous and endogenous genes can be regulated at
circuit outputs by expressing sgRNAs tailored to target transcription initiation or elongation.
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as a circuit output (Wang et al, 2009). Natural and synthetic sRNAs

have been used to knockdown endogenous genes involved in motil-

ity (Sharma et al, 2013), iron metabolism (Kang et al, 2012),

acetone formation (Tummala et al, 2003), b-glucuronidase (Man

et al, 2011), membrane porin and flagellin genes (Sharma et al,

2012), and to increase tyrosine and cadaverine production (Na et al,
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Figure 2. Characterization of dCas9 and orthogonal sgRNA NOT gates.

A The inducible dCas9 and sgRNA system comprises a medium-copy plasmid with PTet-inducible dCas9, a high-copy plasmid with PBAD-inducible sgRNAs, and a low-
copy plasmid encoding a synthetic sgRNA-repressible promoter driving RFP.

B When sgRNA-A2NT is constitutively induced, increasing dCas9 expression causes greater repression of PA2 (lower panel), at the cost of decreased cell growth (upper
panel). All samples were grown in the presence of 2 mM arabinose. Concentrations of aTc used from left to right (ng/ml): 0.0391, 0.313, 0.625, 1.25, 5, and 10. A single
intermediate expression value for dCas9 was used for the remaining experiments (0.625 ng/ml aTc, dashed lines).

C Synthetic repressible promoters designed by modifying the sequence of promoter BBa_J23101. The !35 and !10 r70 binding sites flank forward and reverse “NGG”
protospacer adjacent motifs (PAMs) and a promoter-specific 13 bp sgRNA operator. An sgRNA bound to dCas9 will base pair with one strand of a promoter’s sgRNA
operator and one of the r70 binding sites, causing steric repression of transcription initiation. In the absence of repression, transcription of the downstream RNA
begins at the +1 site.

D The crosstalk map for all combinations of sgRNAs and synthetic promoters is shown. The heat map indicates the amount of RFP observed for that sgRNA-promoter
pair. Only cognate pairs of sgRNAs and promoters exhibit significant repression, whereas non-cognate pairs interact negligibly. Samples were grown in the presence
of 0.625 ng/ml aTc and 2 mM arabinose.

E The response function for sgRNA-A1T measured by expressing intermediate levels of sgRNA-A1T reveals a non-cooperative, log-linear relationship between the input
and output promoters. The solid line visualizes a power law fit to the data points. Error bars represent the standard deviation of fluorescence geometric mean for
three independent experiments on different days. The reporter expression when dCas9 is not induced is shown (dashed line), and all other samples were grown in the
presence of 0.625 ng/ml aTc. Concentrations of arabinose used from left to right (mM): 0, 0.0313, 0.0625, 0.125, 0.25, 0.5, 1, and 2. Inset: The power law fits for each of
the 10 sgRNAs and their cognate promoters (data presented in Supplementary Fig S3); axes values are the same as the encompassing figure.

F The temporal dynamics of dCas9 and sgRNA induction are shown. Red squares indicate induction of both dCas9 (0.625 ng/ml aTc) and sgRNA-A2NT (2 mM arabinose)
commencing at t = 0 h. Blue squares indicate uninduced cultures. After a ~90-min delay, fluorescence decreases concomitantly with cell dilution—occurring at a
rate of 33 min per doubling.
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CRISPRi gives an orthogonal set of 
regulators and promoter pairs

Nielsen and Voigt. Molecular Systems Biology 2014 



Scalable Inverter Networks

• 16 TetR-related TF-
promoter pairs\

• ZF-TFs/ TALES in yeast
• 10000+ dCas9 options 

• 600+ measured 
terminators

• Two terminator design 
models

• 100+ 
constitutive 
promoters

• RiboJ part    
or Csy4 sites 
to remove 5’ 
context

• RBS custom design 
using RBS Calculator

• BCD method gives 50+ 
modular RBS parts



Summary

• We now have 100s of parts for each key 
position in genetic networks

• Short parts can be (somewhat) designed
• Context issues present a challenge 
• ‘Mining’ for parts yields orthogonal pairs
• We now have enough parts to rationally make 

dozens of different inverters in E. coli and Yeast
• CRISPRi is making life even easier 



Example Exam Questions

• How do you make and characterise promoter 
and terminator libraries?

• How does the RBS Calculator work?
• What is context dependency and how it can 

be tackled?
• Why are orthogonal regulators important and 

give examples of these?
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