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ABSTRACT
Microorganisms, such as S. cerevisiae and E. coli, can be metabolically engineered to
convert simple and cheap carbon sources to complex and valuable chemicals with industrial or
medicinal relevance through endogenous or heterologous pathways. However, engineering an
organism’s metabolism to overproduce a desirable chemical product is often difficult either
because the siphoning of energy and carbon away from the organism’s central metabolism is
untenable or the desired chemical product or one of the pathway’s intermediates presents toxicity
to the engineered cell. To avoid these hurdles and increase titers, we present a dynamic
transcription factor-based time-delay genetic circuit capable of temporally regulating multiple
genes over the course of hours. To develop this synthetic dynamic genetic circuit, we developed a
statistical thermodynamic quantitative model to demonstrate proof of concept. We then screened
for and characterized a library of degenerate operator sites for the TetR homolog, BetI, which were
then used to combinatorically demonstrate temporal control of fluorescent protein expression in
E. coli. Finally, the expression space of BetI in the dynamic genetic circuit was explored to
examine its effects on circuit dynamics. Our transcription factor-based time-delay genetic circuit
has applications in autonomously coordinating the expression of multiple operons in metabolically
engineered organisms with complex heterologous pathways.
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Chapter 1
Introduction
Biological systems have evolved a complex network of metabolic pathways capable of
converting simple and readily available chemical compounds, including simple carbohydrates,
atmospheric gases, and hydrocarbons, into complex and useful natural products. Many of these
natural products have been identified for their industrial, material, or medicinal utility and are now
extracted for applications ranging from bioenergy to pharmaceuticals [1-3]. Over the past three
decades, the ability to rapidly and predictably characterize and genetically engineer simple
microorganisms has enabled the manipulation of natural pathways for the overproduction of
certain valuable natural products. The field of metabolic engineering aims to rationally design and
optimize endogenous and heterologous metabolic pathways for the production of value-added
chemicals and has succeeded in producing synthetically laborious pharmaceutical precursors and
economically competitive hydrocarbons for bioenergy and material applications. Most notably,
Keasling and colleagues managed to produce artemisinic acid, a precursor to the antimalarial drug
artemisinin, in S. cerevisiae to avoid costly and inefficient chemical synthesis or natural product
isolation [4].
Despite its successes, metabolic engineering has been unable to reliably compete with
traditional chemical synthesis and petrol refining as a source of natural products or hydrocarbon
fuels [5]. Although biology enables an almost endless assortment of molecular diversity, natural
product synthesis often results in poor titers and unreliable production. Overproduction of a
secondary metabolite requires redirecting carbon and energy flux away from the central
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metabolism, competing with endogenous pathways required for cellular metabolism and growth
[6]. Additionally, many natural products or their intermediates are toxic to the cells that produce
them, often causing membrane or physiological stress, protein aggregation, or resource starvation
[7]. To circumvent these challenges, metabolic engineers rely upon methods that manipulate
metabolic flux, including gene knockouts and knockdowns, promoter and ribosome binding site
engineering, and enzyme evolution [8-10]. Although these methods can be used to increase titers
of simple native pathways, more complex genetic regulation is required to engineer complex and
heterologous metabolic pathways and to increase titers to be competitive with traditional chemical
synthesis and refining. Moreover, when a pathway is identified and removed from its native host,
many of its endogenous regulatory mechanisms are no longer functional, requiring a synthetic
framework to regulate enzyme expression [11].
Synthetic biology aims to solve these challenges by mining and engineering genetic
regulatory elements to coordinate the expression of endogenous and heterologous genes. The field
harnesses biology’s natural ability to sense and respond to intracellular and extracellular chemical
cues to make genetic regulatory decisions. Simple inducible elements have been used to engineer
biological NOT-gates, capable of simple ON/OFF behavior in the presence or absence of a
chemical inducer [12]. The digital logic behavior of these elements has elicited comparisons to
transistor elements of electrical circuits and has resulted in the design of synthetic “genetic
circuits” capable of assessing multiple inputs to actuate an expression output. The most widely
used inducible element is the LacI/pTac system mined from the endogenous lactose metabolizing
operon in E. coli [13]. In the absence of lactose or a lactose mimic, the LacI transcription factor is
bound to the synthetic operator pTac, but is derepressed in the presence of lactose, allowing for
sigma factor recognition of the -35 and -10 hexamers. A number of other inducible transcription
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factors have been identified and used in synthetic genetic circuits, allowing for fold change
repression of several orders of magnitude [14]. Although these systems are useful for applications
such as regulating protein overexpression for purification, their utility for large and complex
metabolic pathways at the industrial scale, which require tunable control over many operons at
various time points, are limited. Additionally, the need for a synthetic and expensive chemical
inducer at relatively high concentration is untenable for industrial processes.
The design space of genetic circuits has evolved to integrate many individual genetic
regulators to be capable of complex logic functions, biosensing, and dynamic behavior. Recently,
many transcription factors have been characterized and used in large, multi-layered genetic circuits
enabling logic functions involving many inputs and outputs [14-15]. These circuits can be designed
in situ and genetically encoded using compartmentalized genetic elements to achieve expected
digital behaviors and have applications in the biosensing space but could also potentially be tied
to optogenetic actuators or integrated using control theory for feedback mechanisms for metabolic
control. Alternatively, many have identified transcription factors or ligand-controlled RNA
elements with relevant endogenous ligands compatible for use in metabolic control [16]. These
elements are useful because downstream enzyme expression can be coordinated by the production
of an early intermediate in the pathway. Successes in this space include an engineered synthetic
riboswitch that is responsive to lysine induction [17]. Other efforts have focused on using native
or synthetic riboswitches, such as the theophylline, to sense metabolites produced by heterologous
metabolic pathways to regulate other elements of the pathway [18]. A benefit of this approach is
that synthetic riboswitch candidates can be easily engineered through computation or directed
evolution, meaning the mechanism should be broadly applicable to metabolic pathways. However,
many of these riboswitches are leaky, resulting in limited fold-change repression and toxicity
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during cell growth. Many metabolites also do not have native ligand responsive genetic elements,
which requires engineers to tediously genomically mine or design novel elements. Finally, because
this approach is dependent on finding genetic regulatory elements specific to intermediate
metabolites upstream in the synthesis pathway, many of these genetic elements are not broadly
applicable to multiple metabolic pathways—limiting their utility to the metabolic engineering and
synthetic biology community.
Other approaches used to coordinate metabolic flux includes coupling gene expression to
cell growth or density. Many prokaryotes, including E. coli, express sigma factors at variable
growth phases to coordinate classes of genes responsible for stationary growth patterns, starvation,
or other cellular stresses. By engineering pathway promoters, metabolic flux can be coordinated
to be responsive to the cell’s introduction into stationary growth or by exposure to metabolic or
cytotoxic stress. Kang and colleagues successfully overproduced polyhydroxybutyrate by
overexpressing the stress associated sigma factor σS while Stephanopoulos and Alper discovered
complex phenotypes, including ethanol tolerance, through genome wide transcription machinery
engineering [19-20]. Microorganisms also have evolved mechanisms to sense and respond to cell
density through quorum sensing. This machinery has been forward engineered to coordinate
metabolic flux at increasing cell densities as a means to overproduce myo-inositol and glucaric
acid [21]. These approaches are advantageous because they are broadly applicable and pathway
independent. Moreover, their lack of a needed small molecule inducer means they can operate
autonomously at the industrial scale, increasing cost efficacy and reliably. However, because of
the nature of the genetic components used, the dynamic coordination of gene expression must be
tied to specific characteristic such as growth phase or growth density. It may be advantageous to
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coordinate expression at multiple growth stages or at a single density, which is incompatible with
these previously engineered circuits.
An ideal genetic circuit used to coordinate metabolic flux would exhibit a number of useful
characteristics. The circuit should be able to operate autonomously, meaning the circuit should not
require a specific synthetic signal, such as a small molecule, light, or changes in growth conditions,
for induction. Additionally, the genetic circuit should place limited metabolic demand and stress
on the host cell to prevent competition for valuable cellular resources required for efficient natural
product production—while requiring a limited number of genetic parts to be robust and
predictable. The circuit should also be broadly applicable in a number of hosts, meaning the genetic
elements should be well characterized and robust in heterologous systems. Finally, the circuit
should be capable of dynamic behavior and be broadly applicable to user-defined metabolic
pathways. Many additional current efforts to engineer circuits for metabolic applications fail to
achieve the goals. Recent attempts to use CRISPR interference or activation machinery often show
complex effects on cellular phenotypes due to off target effects and difficulties robustly achieving
high fold change repression [22]. Simple feedback approaches often lack the requisite dynamic
nature to coordinate large and complex pathways and are not broadly applicable to many metabolic
pathways.
To solve these problems, we propose the development of a time-delay genetic circuit
intended to coordinate metabolic flux using a single transcription factor in E. coli (Figure 1). The
circuit operates using a library of characterized degenerate operator sites to control a user-defined
number of operators. The library of operator sites has variable binding affinities, meaning the
concentration of transcription factor needed to demonstrate repression is inconsistent between
operons. At the initial time point, a single transcription factor will be expressed at a high, saturating

6

Figure 1: Schematic of Transcriptional Time-Delay Circuit
level—repressing all operators in the metabolic pathway. At this time point the circuit would be
induced, either through chemical induction, optogenetic control, cell phase transitioning, or cell
density control, leading to the repression of the transcription factor. Through growth, dilution, and
degradation of the transcription factor, the concentration of transcription factor in the cell is slowly
decreased until the concentration reaches a level that is inadequate to maintain repression of the
operon controlled by the operator with the lowest binding affinity. At this time point, this operon
will begin to be transcribed, while the other operons in the pathway should still maintain repression
due to their strong binding affinity operator sites. The process of dilution and degradation will
continue until the transcription factor is no longer found in the cell and all operons are expressed.
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Chapter 2
Statistical Thermodynamic Model of Time-Delay Genetic Circuit
We developed a statistical thermodynamic biophysical model to demonstrate a
transcription factor-based time-delay genetic circuit is feasible in a prokaryotic host. The statistical
mechanics model of gene expression is based on a system of ordinary differential equations used
to express intracellular levels of RNA and protein. In a simple system with a single transcription
factor and a single reporter protein (Figure 2), we express the change of cellular concentrations of
the transcription factor’s mRNA (R TF) and protein (TF) and the reporter protein’s mRNA (R1) and
protein (P1) as dependent upon the processes of transcription (r), translation (α), degradation and
dilution of mRNA (δ1), and degradation and dilution of protein (δ2):

𝜕𝑅𝑇𝐹
= 𝑟𝑇𝐹 − 𝛿1 𝑅𝑇𝐹
𝜕𝑡

𝜕𝑇𝐹
= 𝛼𝑅𝑇𝐹 − 𝛿2 𝑇𝐹
𝜕𝑡
𝜕𝑅1
= 𝑟1 − 𝛿1 𝑅1
𝜕𝑡

𝜕𝑃1
= 𝛼𝑅1 − 𝛿2 𝑃1
𝜕𝑡
For our circuit, the transcription rate of the transcription factor will be assumed to be
constant at steady state growth following induction of the circuit. Ideally, the rate of transcription
of the transcription factor should be reduced to zero upon induction of the circuit, although within
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an in vivo system, transcription will remain at a low level upon repression due to operator leak.
For the simplicity of the model, we assume the transcription of the transcription factor will be zero.
The degradation rates of mRNA and protein are sequence and structure dependent but are generally
within a well-defined range. In addition to the effects of degradation, mRNA and protein is diluted
during the process of cell division. It can be assumed the effect of dilution dominates the term δ
and is inversely proportional to the time interval of the cell cycle, which for E. coli growing in log
phase in rich media is approximately 30 minutes [23]. The translation rate, α, can be finely and
rationally tuned in prokaryotes. For the purposes of the model, we used the measured mRNA to
protein ratio of 1:1000 to inform the translation parameter [24].
The transcription rate of the reporter protein, r1, can be expressed as a product of the
partition function representing the probability of transcription initiation and the maximum
transcription rate for a given promoter. The partition function is represented as the statistical
weight of RNA polymerase (RNAP) bound to the promoter, initiating transcription, over the sum
of all statistical weights [25]. To determine the partition function, we first consider the state of
RNA polymerase and transcription factors bound nonspecifically, representing an empty promoter.
This state can is a product of the number of ways to distribute R RNA polymerases and TF
transcription factors over a genome length of L with an average binding nonspecific binding
affinity of ∆𝐺𝐿 . The Boltzmann weight of these interactions is represented as:
𝐹(𝑈𝑛𝑏𝑜𝑢𝑛𝑑) =

∆𝐺
∆𝐺𝐿
𝐿!
−𝑅 𝐿 −𝑇𝐹 𝑘 𝑇
𝑏
𝑒 𝑘𝑏 𝑇
(𝐿 − 𝑅)! 𝑅! 𝑇𝐹!

The microstate representing RNAP polymerase binding specifically to a promoter is therefore:

∆𝐺
𝐿!
−𝑅 𝐿
𝐹(𝑅𝑁𝐴𝑃 𝐵𝑜𝑢𝑛𝑑) =
𝑒 𝑘𝑏 𝑇
(𝐿 − 𝑅 + 1)! (𝑅 − 1)! 𝑇𝐹!

∆𝐺𝐿 ∆𝐺𝑅𝑁𝐴𝑃
−𝑇𝐹𝑘 𝑇
− 𝑘 𝑇
𝑏
𝑏
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where ∆𝐺𝑅𝑁𝐴𝑃 is a representation of the binding free energy of RNAP Polymerase to the promoter.

Finally, we considered the binding of a number of transcription factors (TF) to the operator site
while RNA Polymerase is only bound nonspecifically:

𝐹(𝑇𝐹 𝐵𝑜𝑢𝑛𝑑) =

∆𝐺
∆𝐺𝐿 ∆𝐺𝑇𝐹
𝐿!
−𝑅 𝐿 −(𝑇𝐹−1)𝑘 𝑇
−𝑘 𝑇
𝑏
𝑏
𝑒 𝑘𝑏 𝑇
(𝑅)! (𝐿 − 𝑇𝐹 + 1)! (𝑇𝐹 − 1)!

where ∆𝐺𝑇𝐹 is the binding affinity of the transcription factor to the operator site. The microstate
of a bound RNA polymerase and transcription factor is not possible and is not considered in the

partition function. The probability of RNA polymerase being bound to the promoter and initiating
transcription is therefore:

𝑃(𝑅𝑁𝐴𝑃 𝐵𝑜𝑢𝑛𝑑) =

𝐹(𝑅𝑁𝐴𝑃 𝐵𝑜𝑢𝑛𝑑)
𝐹(𝑈𝑛𝐵𝑜𝑢𝑛𝑑) + 𝐹(𝑅𝑁𝐴𝑃 𝐵𝑜𝑢𝑛𝑑) + 𝐹(𝑇𝐹 𝐵𝑜𝑢𝑛𝑑)

To simply the expression, we assume that i) the nonspecific binding affinity of RNA polymerase
and transcription factors is negligible relative to their binding to the promoter and operator sites
and ii) the number of nonspecific binding sites is significantly larger than the number of active
RNA polymerases or transcription factors present in the cell. The transcription rate is therefore a
product of the normalized and simplified partition function described above and a maximum
transcription rate:

𝑟1 =

𝑅 −∆𝐺𝑘𝑅𝑁𝐴𝑃
𝑏𝑇
𝑒
𝐿

𝑅 −∆𝐺𝑅𝑁𝐴𝑃 𝑇𝐹 −∆𝐺𝑇𝐹
1 + 𝐿 𝑒 𝑘𝑏𝑇 + 𝐿 𝑒 𝑘𝑏𝑇
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𝑟𝑚𝑎𝑥

We use the length of the E. coli (6 Mbp) is used as an arbitrarily large genome length to represent
the number of nonspecific binding sites. The binding affinities of RNA polymerase and the
transcription factor are estimated to be -4.7 kcal/mol and -15 kcal/mol, respectively, as described
in previous parameterization studies [26].

Figure 2: Statistical Thermodynamic Model of Gene Expression
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To demonstrate the feasibility of a temporally regulated dynamic genetic circuit, we used
our simple transcription and translation mechanics model of gene expression to estimate cellular
concentrations of mRNA and protein for multiple reporters (Figure 3). To develop a time-delay,
each reporter’s expression is controlled by a separate operator site of variable binding affinities.
As the concentration of the transcription factor decreases through dilution and degradation, the
reporters with weaker binding affinity will be derepressed, while the stronger binding affinities
will maintain repression.

Figure 3: Time-Delay Genetic Circuit Mechanics Model
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Synthetic biologists have developed tools to rationally engineer the rates of transcription,
translation, and degradation, meaning there exists a number of tunable parameters for the time
delay circuit. To explore how these parameters, effect the behavior of the circuit, we assessed the
effect of varying transcription factor translation rate across a single operator binding affinity
(Figure 4).

Figure 4: Translational Tuning Mechanics Model Across a Single Binding Affinity

Analysis of translational tuning at a single operator site binding affinity reveals that the
time delay of the circuit after induction can be adjusted through transcription factor expression.
This demonstrates the transcription factor-based circuit is broadly applicable as not only are the
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expression delays between operons tunable but the overall delay between circuit induction and
expression is also adjustable.
Our mechanics model makes a number of simplistic assumptions. First, we assume the
number of transcription factors significantly outnumbers the number of operator sites. This
assumption is representative of circuits chromosomally integrated and containing few or weak
binding operator sites. In circuits with larger number of operator sites, such as circuits found on
high copy number plasmids, this assumption may not hold true and would decrease the overall
expression delay. We also assumed in our partition function that the circuit is found as a single
copy, as would be the case in a chromosomally integrated circuit.
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Chapter 3
Building a Library of Degenerate Operator Sites for BetI
To engineer the transcriptional time-delay circuit, we designed and screened a library of
degenerate operator sites for the TetR homolog, BetI. BetI is a homodimeric transcription factor
that naturally regulates choline metabolism in prokaryotes and has been engineered to produce a
high dynamic range of repression [27]. The operator site is found within the -35 and -10 hexamers,
meaning the transcription factor binds to the operator to preclude RNA polymerase and prevent
transcription. In addition to its high dynamic range, BetI is desirable for its relative lack of toxicity
in E. coli even at high expression levels [14].
Using a previously identified consensus sequence for BetI, we designed a 1296-member
library of operator sites by replacing six partially conserved base pairs throughout the native
operator with fully degenerate nucleotides (Appendix A, Figure 11). To avoid differences in
transcription initiation influencing characterization, the -35 and -10 hexamers were not

Figure 5: BetI Degenerate Operator Plasmid Schematic
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mutagenized. The library was cloned into a plasmid upstream of a red fluorescent protein with a
previously characterized high expression ribosome binding site, while the wild-type operator
regulated the expression of yellow fluorescent protein as a control (Figure 5). The expression of
BetI was controlled using the well characterized pTac/LacI system and induced with IPTG.
The library was characterized by randomly selecting candidate colonies and performing
steady state fluorescent measurements for approximately 12 hours. RFP and YFP expression was
assumed to be proportional to fluorescence. Fluorescence was converted to Relative Expression
Units (REUs) to control for culture to culture variability and differences in optical density:

𝑅𝐸𝑈 =

𝑌𝐹𝑃𝑖𝑛𝑑𝑢𝑐𝑒𝑑 𝑅𝐹𝑃𝑢𝑛𝑖𝑛𝑑𝑢𝑐𝑒𝑑
𝑌𝐹𝑃𝑢𝑛𝑖𝑛𝑑𝑢𝑐𝑒𝑑 𝑅𝐹𝑃𝑖𝑛𝑑𝑢𝑐𝑒𝑑

The expression is a representation of the relative dynamic range of the degenerate operator
sites compared to the native operator site. Of the 94 sequences screened, three were determined to
be highly functional—meaning the operators had a dynamic range at least 10% of the native
operator. Overall, 12 degenerate operators and the wild type had operators with an REU value
greater than 0.01 were determined to be at least partially functional (Figure 6). Sequences with
REU values less that 0.01 were deemed nonfunctional and discarded.
Sequence analysis revealed that all six degenerate nucleotides could be individually
mutated to maintain some level of functionality. However, all the three highly functional variants
had three or less mutated base pairs in their operator site. Likely a result of the low probability of
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Figure 6: Steady State Fluorescent Screen for Operator Strength
their appearance in the cloned pool, no operator in the original 94 sequence pool had only a single
mutation. As expected from the consensus sequence, no single base pair is conserved throughout
the characterized functional library.
Table 1: Sequence Space of Functional Operator Pool. Degenerate base pairs in bold.
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We sought to estimate the binding affinity of a subset of the functional designed
operators. To do so, we repeated the steady state fluorescence experiments for 8 functional
operator sites that spanned the range of calculated REU values at IPTG concentrations ranging
from 0 to 1000µM (Figure 7). RFP and YFP fluorescence was assessed through single cell
fluorescence measurements using flow cytometry.

Figure 7: Induction Curves for RFP and YFP Expression Across BetI Variants.
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Characterization of the operator library revealed a range of dynamic ranges spanning from
678 for the wild type operator to 1.9 for the weakest characterized degenerate operator (BetI_ 10).
However, consistent RFP expression without induction demonstrates operator design did not
noticeably impact basal transcription rate. Finally, the repression dynamics and dynamic range of
the YFP control are consistent across variants, demonstrating differences in titration of
transcription factor away from the wild type operator across variants was insignificant.
To estimate binding affinity of degenerate operator variants, we developed a
parameterization model that utilizes the measured ratio between RFP transcription regulated by
the wild-type operator and a degenerate operator at a given inducer concentration. Because
translation rates are consistent across the characterized library, the ratio of measured fluorescence
is equal to the ratio of transcription. We utilize the previously described partition function
representing the probability of RNA polymerase binding to represent transcription rates, as the
scaling factor (rmax) cancel in the equation:

𝑅𝐹𝑃𝑊𝑇
=
𝑅𝐹𝑃𝑖

𝑅 −∆𝐺𝑅𝑁𝐴𝑃 𝑇𝐹 −∆𝐺𝑇𝐹𝑖
1 + 𝐿 𝑒 𝑘𝑏 𝑇 + 𝐿 𝑒 𝑘𝑏 𝑇

𝑅 −∆𝐺𝑅𝑁𝐴𝑃 𝑇𝐹 −∆𝐺𝑇𝐹 𝑊𝑇
1 + 𝐿 𝑒 𝑘𝑏 𝑇 + 𝐿 𝑒 𝑘𝑏 𝑇

All model parameters remain consistent across induction experiments except for the
number of available transcription factors. This value is dependent upon transcription at the pTac
promoter, which can be represented as a simplified Hill-function:

𝑡𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛 ∝

1
𝐾𝑎 2
(1 + (
) )
[𝐼𝑃𝑇𝐺]
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The binding affinity of IPTG was adjusted and a scale multiplier was applied to
transcription rate to best fit predicted fluorescent ratio to measured values. Although the binding
affinity of BetI to the wild-type operator has not been characterized, a number of other TetR
homologs have been. For the purposes of parameter fitting, we assumed BetI has a binding affinity
of -13.0 kcal/mol to the wild-type operator site. This value is approximately the average binding
affinity of currently well characterized TetR homologs. Model predictions compared to measured
RFP expression ratios can be found in Appendix A.

Table 2: Dynamic Range and Binding Affinity Estimates for Operator Library
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Chapter 4
Time-Delay Dynamic Genetic Circuit Characterization
Once a library of degenerate operator sites was characterized, we explored the range of
temporal control across our library. Similar to the previously characterization experiments, the
library of degenerate operator sites was cloned upstream of RFP while the wild-type operator was
cloned upstream of YFP (Figure 8). Transcription factor expression was regulated by pTac/LacI
and cells were grown in the presence of saturating IPTG overnight. At the initial time point, cells
were diluted 40-fold to repress transcription factor expression. Cells were grown continuously at
exponential phase until reporter protein expression was at steady state. The disparate effects of
fluorescent protein maturation were ignored during analysis due to the similar maturation rates of
RFP and YFP in E. coli.

Figure 8: Time-Delay Genetic Component Schematic
Analysis of normalized fluorescence measurements shows that robust YFP expression
begins at 10 hours across all variants (Figure 9). This is consistent with our intuition and modeling,
as YFP expression is controlled by the wild-type operator site and each variant should have a
roughly consistent level of transcription factor at any given time point. Moreover, in the wild-type
regulated RFP variant, RFP and YFP are both expressed at approximately the same time.
Differences in overall expression between the two proteins in this variant can be ascribed to
differences in translation rate, maturation rate, and quantum yield of YFP and RFP. Interestingly,

21

although the dynamics of YFP expression are similar across all variants, the overall YFP
expression levels vary by almost 2-fold. Specifically, BetI WT, with both RFP and YFP regulated

Figure 9: Fluorescence per Cell Time Course Data Across Characterized Variants
with the wild-type operator sequence had the highest YFP expression, while variants with weaker
binding operator sites regulating RFP production produced noticeably less YFP. Because RFP
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production begins sooner in the weaker binding variants, this is likely due to resource sharing
effects that lower the overall YFP expression.
The expression dynamics of RFP expectedly varied considerably across the library of
operator sites. As indicated from their binding lower binding affinities, none of the operator
variants reached maximum repression in comparison to the wild-type operator. Additionally, many
lacked the predicted sigmoidal response curve, which is likely the result of delayed protein
maturation following expression. Non-sigmoidal behavior in the measured protein expression,
including an erroneously high normalized fluorescence signal at the beginning of time
measurements and a consistent spike in the middle of the experiment is the result of high noise
associated with cell dilution. Nonetheless, there were pronounced differences in the temporal
dynamics of RFP expression amongst the variants. Weak binding operators, such as variants 2 and
10 had very little to no time-delay associated with their expression. Variants with operator sites
with moderate strengths, such as variants 11 and 12, had well defined time-delays in RFP
expression. However, both variants 11 and 12 noticeably initiated RFP expression well before the
wild-type regulated variant. Time course data with measured error can be found in Appendix A.
To better represent the temporal delay of RFP expression across variants, we calculated the
expression of the induced RFP expressing cells above the expression of the uninduced repressed
cells at time i normalized to the point of maximum expression (Figure 10). This analysis aids in
the comparison and calculation of the time delay by mitigating both the effect of total expression
disparities and differences in dynamic range across variants:

𝑇𝑁 =

[𝑅𝐹𝑃𝑖𝑛𝑑𝑢𝑐𝑒𝑑 − 𝑅𝐹𝑃𝑢𝑛𝑖𝑛𝑑𝑢𝑐𝑒𝑑 ]𝑡=𝑖
[𝑅𝐹𝑃𝑖𝑛𝑑𝑢𝑐𝑒𝑑 − 𝑅𝐹𝑃𝑢𝑛𝑖𝑛𝑑𝑢𝑐𝑒𝑑 ]𝑚𝑎𝑥

23

Of the variants characterized above, the four variants demonstrating the most sigmoidal behavior
(BetI WT, BetI 7, BetI 11, BetI 12) were evaluated for their normalized expression above the
repressed baseline. A significant and noticeable time-delay for RFP expression exists between the

Figure 10: Normalized RFP Expression above Repressed State
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wild-type variant (BetI WT), BetI 12, and both BetI 7 and BetI 11. Interestingly, despite a large
separation in binding affinities, BetI 7 and BetI 11 had similar temporal delays in expression,
which may be attributed to the exponential effect of dilution causing large differences in binding
affinities to have small effects on operator occupancy at earlier time points and large effects later.
To quantify the temporal delay in expression across variants, we define the time-delay as
the time point at which the normalized RFP expression above the repressed RFP expression
reaches 0.5, representing approximately the time when expression reaches half of its maximum.
The measured time-delay for BetI WT, BetI 7, BetI 11, and BetI 12 in rich LB media was measured
to be 14.8, 7.17, 7.50, and 9.67 hours, respectively.
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Chapter 5
Discussion
The results of this study demonstrate that it is feasible to temporally coordinate the
expression of multiple proteins using a single transcription factor and degenerate operator sites
with varying binding affinity. Using the 13-member library of operator sites for the transcription
factor BetI characterized in this study, temporal delays ranging from approximately 7 to 15 hours
were achieved in rich LB media. The dynamics of the transcriptionally regulated genetic circuit
are in agreement with the dynamics predicted through the statistical thermodynamic model of gene
expression described in this work. Furthermore, the mechanics model is able to provide a
framework for a parameterization model capable of estimating operator binding affinity given a
characterized reference value.
Although the mechanics-based gene expression model was capable of predicting the
dynamic behavior of the genetic circuits constructed in this study, various assumptions made in
the model prevented a more accurate prediction of gene expression. By assuming no leakiness in
the repression of the transcription factor, the model fails to account for varying steady state
expression levels of the reporter proteins. Additionally, the model’s translational parameter is
independent of changes in RNA and protein concentration. This prevents considerations of effects
such as resource sharing. Together, these assumptions prevent the model from considering the
effect of operator degeneracy on the operator’s dynamic range. Interestingly, the pronounced effect
of resource sharing between the reporter proteins during the time-delay experiments demonstrates
the significance of dynamic control.
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Although only four characterized operator sites were strong enough to produce the requisite
dynamic range to measure temporal dynamics, a significant range of time delays was achieved in
the library. The reported time-delay values are highly context dependent—a result of the system’s
dependence on degradation and dilution rate. Therefore, in applications where metabolic activity
or media negatively affects cell growth, the effect of dilution will decrease and the measured timedelays will likely increase. A larger range of time delays can be achieved by tuning parameters
described by the mechanics model. As demonstrated in this study, decreasing the expression of
transcription factor will decrease the measured time delays. Adjusting the rate of degradation
through a degradation tag or tuning protease activity would also decrease the relative time-delays
across variants. Finally, characterizing a larger library of degenerate operator sites would provide
additional binding affinities that could produce a user desired delay.
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Chapter 6
Future Directions
A number of experiments should be conducted to determine the limits of the engineered
time-delay genetic circuits. Most obviously, the system should be designed to express more than
two reporter proteins to evaluate the possibility of expressing three or more operons at multiple
distinct time points. This experiment could be conducted using the library of already characterized
components.
Furthermore, to elucidate the possibility of tuning the time-delay associated with protein
expression, the level of transcription factor present in the cell or its dilution and degradation rates
can be tuned. To adjust the overall concentration of transcription factor at the initial time point,
the easiest mechanism would involve tuning the RBS strength of the transcription factor transcript.
Dilution and degradation rates can be tuned by adjusting the stability of the transcription factor by
tagging the protein with a protein degradation tag. Alternatively, dilution rate of the transcription
factor, as well as its overall expression, can be tuned through temperature, which will slow cell
growth.
To demonstrate the utility of these circuits to the field of metabolic engineering, it would
be worthwhile to apply the already characterized two component systems to a well characterized
metabolic pathway. The violacein pathway would be a convenient choice for this demonstration
as there exists both a measurable fluorescent intermediate and final product. In this experiment,
enzymes responsible for producing the fluorescent intermediate could be expressed first on a single
operon while the remaining enzyme expression could experience a temporal delay. A successful
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dynamic circuit would then be represented by a temporary build up of the fluorescent intermediate
followed by its depletion as downstream enzymes are expressed.
The ultimate goal of synthetic biology is to provide tools that enable predictable, reliable,
and facile engineering of biological systems to achieve a user defined behavior or outcome. This
study presents work that lays the foundation for rationally designed temporally regulated, dynamic
genetic circuits. To succeed in this endeavor, a more descriptive and better parameterized gene
expression model should be developed to enable the rational design of user define time delays. A
quantitative experiment should be conducted to accurately measure the binding affinity of the wildtype BetI operator sequence through operator site titration experiments. Furthermore, the dilution
and degradation parameters should be defined for organism and media choice to achieve a more
predictive expression model.
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Chapter 7
Materials and Methods

Strains and Media
The E. coli strain DH10B (F- mcrA Δ(mrr-hsdRMS-mcrBC) Φ80dlacZ ΔM15 ΔlacX74
endA1 recA1 deoR Δ(ara,leu)7697 araD139 galU galK nupG rpsL λ-) was used in the construction
of all plasmid vectors. The wild-type E. coli strain MG1655 (F-, lambda-, rph-1) was individually
transformed with characterized plasmid vectors and used in all characterization experiments. Cells
were grown in Luria-Bertani (LB) Broth for the purposes of molecular cloning and overnight
growth. M9 minimal define media (33.9g/L Na2HPO4, 15g/L KH2PO4, 5g/L NH4Cl, 2.5g/L NaCl,
0.4% w/v Glucose, 0.05 g/L Leucine, 0.34 g/L Thiamine, 2mM MgSO4, 100µM CaCl2) was used
in all characterization experiments. Ampicillin (50 μg/ml) was used for antibiotic selection for all
cloning and characterization work and Isopropyl β-D-1-thiogalactopyranoside (IPTG) at specified
concentrations was used in characterization as appropriate.

Plasmid Construction and Molecular Cloning
A p15A plasmid vector containing LacI, pTac-BetI, and pBetI-YFP was obtained through
Addgene. A high expression RFP cassette was cloned into the plasmid using standard restriction
digest cloning techniques. A single stranded degenerate pBetI oligo (Appendix A) was received
through Integrated DNA Technologies (IDT) and amplified through standard Polymerase Chain
Reaction protocols before being digested and cloned upstream of the RFP expression cassette in
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the p15A plasmid backbone (p15A-BetI-dprom). All constructs were sequence verified before
characterization.

Degenerate Operator Site Library Screening
To screen library variants for fold change repression, the p15A-BetI-dprom degenerate
operator library was cloned and transformed into MG1655 and plated on ampicillin. Individual
colonies were grown in 700 μL LB (50 μg/ml Ampicillin) in a 37ºC shaker overnight. Cultures
were diluted using 5µL of overnight culture and 195µL of M9 minimal defined media, 50 μg/ml
Ampicillin, and either 1mM IPTG for the induced wells or no IPTG for the uninduced wells.
Cultures were grown at 37ºC while shaking in 96-well microplates. To maintain exponential
growth, a second identical solution was performed after approximately 6 hours when cultures
reached an OD600 of approximately 0.6. The OD600, mRFP1 fluorescence (Ex. 584 nm, Em. 607
nm), and YFP fluorescence (Ex. 505 nm, Em. 535 nm) was measured every 10 min. using TECAN
M1000 Infinite plate reader. Cultures were grown and time course data was collected for
approximately 18hr until normalized fluorescence data appeared to plateau. RFP and YFP
expression data was measured as the final recorded quantities for RFP and YFP fluorescence.
Functional variants were replated on ampicillin and the plasmids sequenced to identify the
functional operator site candidates.

Operator Site Library Characterization
MG1655 strains containing degenerate operator variant plasmids found to be functional
through initial screening were plated on ampicillin. Individual colonies were picked (N=3) and
grown overnight in 700µL LB (50 μg/ml Ampicillin) in a 37ºC shaker. Cultures were diluted using
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5µL of overnight culture and 195µL of M9 minimal defined media, 50μg/ml Ampicillin, and either
0µM, 1µM, 10µM, 20µM, 30µM, 50µM, 100µM, 200µM, 500µM, or 1000µM IPTG. Cultures
were grown for approximately 6hr in a 96-microwell plate at 37ºC while shaking until a second
identical dilution was performed to maintain mid-exponential phase growth. OD600 was monitored
using TECAN M1000 Infinite plate reader. After approximately 18hr of cell growth in the 96microwell plate, 40µL of cell culture was diluted into 200µL PBS (2mg/mL Kanamycin) for
preparation for flow cytometry. A BD LSR Fortessa was used to measure mRFP1 and YFP
fluorescence. Noncellular events were filtered while autofluorescence of untransformed DH10B
cells was subtracted to compute final fluorescence.

Fluorescent Time-Delay Genetic Circuit Characterization
The characterized plasmids for all 12 BetI operator variants as well as the wild-type control
characterized above were replated on ampicillin. Colonies were picked (N=3) and grown in 700µL
LB, 50μg/ml Ampicillin, and 500µM overnight (14hr). 5µL of cells were diluted into 195µL of
M9 defined minimal media and 50μg/ml Ampicillin. Exponential phase dilutions were performed
in a manner similar to described above to maintain exponential growth for 24hr. Fluorescence was
calculated by subtracting the autofluorescence of untransformed MG1655 cells.
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Appendix A
Supplementary Figures and Data

Figure 11: Schematic Depicting Degenerate BetI Operator Site

Figure 12: Parameterization Model of RFP Expression Predicted Ratio vs. Measured Ratio
BetI 2
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Figure 13: Parameterization Model of RFP Expression Predicted Ratio vs. Measured Ratio
BetI 3

Figure 14: Parameterization Model of RFP Expression Predicted Ratio vs. Measured Ratio
BetI 5

34

Figure 15: Parameterization Model of RFP Expression Predicted Ratio vs. Measured Ratio
BetI 7

Figure 16: Parameterization Model of RFP Expression Predicted Ratio vs. Measured Ratio
BetI 10
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Figure 17: Parameterization Model of RFP Expression Predicted Ratio vs. Measured Ratio
BetI 11

Figure 18: Parameterization Model of RFP Expression Predicted Ratio vs. Measured Ratio
BetI 12
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Figure 19: RFP Expression Time Course Data Across Time-Delay Variants with Error
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Figure 20: YFP Expression Time Course Data Across Time-Delay Variants with Error
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