


ABSTRACT

Optogenetic programming of complex, multiplexed gene expression signals

by

Evan J. Olson

Optogenetic tools are genetically expressed signaling pathways that transduce ex-

tracellular light signals into intracellular, biochemical signals. These biological signals

can be used to interface with intracellular biological networks, enabling a perturba-

tive experimental approach that can be used to reverse-engineer the molecular basis

underlying cellular behaviors. Light is particularly well suited as an experimentally

tunable control signal, because the intensity and wavelength of light sources can be

exquisitely controlled in both time and space. Many optogenetic tools have been de-

veloped in the past decade; however, the ability to use them to perform the biological

function generation required for the interrogation of cellular networks has been lim-

ited. Here, I have worked to overcome these limitations by 1) establishing the concept

of a biological function generator and identifying a roadmap for the optogenetic char-

acterization of biological systems, 2) developing and demonstrating the first biological

function generator used to characterize a cellular circuit in live E. coli cells, 3) imple-

menting a photoconversion-based multispectral model which enables gene expression

programming with any light input signal, and 4) developing the first multiplexed

optogenetic tool capable of simultaneous, independent generation of two biological

functions. This work has produced the world’s most precise means of producing ar-

bitrary gene expression signals in live cells. The approach and tools developed here
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should be generalizable to other optogenetic systems, even in eukaryotic organisms.

I describe the technical developments in hardware, software, laboratory protocols,

and mathematical models which were required to make this progress. The biological

function generator approach and tools developed here are an unprecedented means for

characterizing biological systems and controlling cellular behaviors, and will enable

novel experimental approaches in both systems and synthetic biology.
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Chapter 1

Optogenetic characterization tools overcome key

challenges in systems and synthetic biology

This chapter was originally published in Nature Chemical Biology in 2014 (Ref. [1]).

This manuscript was written together by myself and Jeffrey J. Tabor, and we thank

Lucas A. Hartsough for his helpful comments. Our work on using optogenetics to

program custom gene expression signals is presented within this chapter in the form

of an overview, but it is fully detailed in Chapter 2.

1.1 Abstract

Systems biologists aim to understand how organism-level processes, such as differ-

entiation and multicellular development, are encoded in DNA. Conversely, synthetic

biologists aim to program systems-level biological processes, such as engineered tis-

sue growth, by writing artificial DNA sequences. To achieve their goals, these groups

have adapted a hierarchical electrical engineering framework that can be applied in

the forward direction to design complex biological systems or in reverse to analyze

evolved networks. Despite much progress, this framework has been limited by an

inability to directly and dynamically characterize biological components in the varied

contexts of living cells. Recently, two optogenetic methods for programming cus-

tom gene expression and protein localization signals have been developed and used

to reveal fundamentally new information about biological components that respond

to those signals. This basic dynamical characterization approach will be a major
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enabling technology in synthetic and systems biology.

1.2 Parallels with electrical systems engineering

In electrical engineering, systems of astonishing complexity are constructed using a

hierarchical design and analysis framework that intentionally avoids physical descrip-

tions of the materials. Basic components such as resistors, capacitors, and transistors

(Figure 1.1) are designed to transform electrical input signals into outputs that can

be relayed to other components[2]. After fabrication, proper component function is

validated using two standard devices: an electronic function generator and an oscillo-

scope. Function generators are used to create programmable inputs, such as voltage

sine waves of fixed amplitude and variable frequency, which are sent into components,

while oscilloscopes are used to measure the resulting component outputs. Compo-

nent signal processing properties, such as the relative amplitude (gain) and time delay

of output relative to input for various signals, are then captured using phenomeno-

logical, or black box mathematical models. The models are then used to reliably

assemble components into circuits with more advanced capabilities, such as band-

pass filters or amplifiers, and eventually into complete systems, such as computers

or radios[2] (Figure 1.1). The electrical systems engineering (ESE) framework can

also be applied in reverse to divide and conquer systems that are too complex to be

understood intuitively. When presented with an unknown or broken system, the I/O

of sub-circuits and sub-components can be measured individually in order to build

up an understanding of overall system function or to debug failure modes.

Beginning in the late 1990s, researchers began to apply the basic principles of

the ESE framework to forward engineer synthetic biological systems[3–5] and re-

verse engineer evolved versions[6, 7]. In the biological systems engineering (BSE)
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Figure 1.1 : Parallels between electrical and biological systems engineering. Elec-

trical and biological systems exhibit similarities in their scaling of complexity, from

components to circuits, and from circuits to systems. For example, an AM radio

can be constructed from resistor, capacitor, transistor, antenna, and speaker compo-

nents, and circuits built from assemblies of these components, while a light-sensing

bacterial edge detector was constructed from biological components including a red

light de-activated receptor, transcriptional NOT and AND gates, a protein producer

and sensor of a diffusible signaling molecule, a pigment-producing enzyme, and cir-

cuits built from these components. The process of specifying a desired system and

assembling it from components and circuits is termed forward engineering, while the

process of disassembling and characterizing an existing system to understand it is

termed reverse engineering.
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framework, a transcriptional repressor and its cognate promoter might be consid-

ered a single component, called a transcriptional inverter, because it converts high

transcriptional input (of the repressor) into low transcriptional output (from the re-

pressible promoter), and vice versa. In two of the papers that inspired synthetic

biology, a transcriptional toggle switch[3] and oscillator[4] were assembled from two

and three Escherichia coli inverters containing non-cross-reacting (orthogonal) repres-

sor/promoter pairs. A wide range of synthetic gene circuits have since been designed

and built for engineering purposes[8–27], and as highly tractable models to study the

basic principles of biological regulation[28–41]. In addition, multiple components such

as sensors, circuits, and output genes (actuators) have been combined to build com-

plete synthetic biological systems such as biosensing[42–45], tumor-invading[46, 47],

pattern forming[48–50], and edge-detecting[51] (Figure 1.1) bacteria as well as syn-

thetic microbial ecologies[52, 53]. However, the gains of synthetic biology have been

hard fought. The performance of most biological system designs cannot be predicted

from the known properties of the components, and most published systems require

years of design and debugging to complete[54–57].

To understand why synthetic biology lags so far behind electrical engineering,

consider that both electronic and biological components exhibit ideal (i.e. intended, or

desired) performance under certain operating conditions, and non-ideal performance

under others. Because electronic components are designed to exacting size, shape and

material property specifications, their non-idealities can readily be ’engineered away,

for most operating conditions. For example, modern resistors exhibit ideal impedance

for input signals (voltage oscillations) with frequencies varying over many orders

of magnitude. However, when signals reach the gigahertz range, modern resistors

perform unpredictably (Figure 1.2; Vishay Appl. Note 28871, Vishay Tech. Note
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60107). Electrical components can still be used under non-ideal conditions, but in

these regimes, characterization of their performance features becomes indispensible.

1.3 Biological systems engineering requires characterization

Though bio-molecular function is much more difficult to design that electronic compo-

nent function, synthetic biologists have begun to engineer away biological component

non-idealities as well. For example, the translation initiation rate of a bacterial gene

is, to a first approximation, determined by the binding affinity of the 16s ribosomal

RNA for the Shine-Dalgarno (SD) sequence in the ribosome binding site (RBS) of

the messenger RNA. However, downstream gene sequences can form secondary and

tertiary structure with the RBS, which can change the translation rate in unpre-

dictable ways. To reduce RBS context dependence, a bicistronic design (BCD) was

recently developed wherein a leader RBS drives translation of a 16 amino acid pep-

tide whose coding sequence contains a second RBS[58]. During translation of the

leader peptide, the ribosome helicase unwinds structure[59] at the second RBS. The

result is that for a given leader RBS, the free energy of base pairing between the

second SD sequence and 16s rRNA largely determines the translation initiation rate

from BCDs, regardless of the downstream gene[58]. BCDs should accelerate the de-

sign and debugging of synthetic biological systems, which often depend sensitively

on the expression levels of the component genes. Similar efforts have also been made

to insulate promoters from the impact of downstream mRNA sequences[60, 61], and

adjacent gene expression cassettes[62, 63], and cistrons on a multi-gene mRNA[61]

from one another. Though nucleic acid component function is being optimized with

some success, protein design remains a major challenge[64, 65]. Without models and

theory for designing protein structure at the level of primary sequence, most biologi-
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Figure 1.2 : Nonidealities in electronic components. Resistors are electrical compo-

nents that inhibit the flow of current, an effect quantified as the impedance. The

resistors shown here have been engineered to have a specific impedance over voltage

input signals with a wide range of frequencies. This ideal behavior enables circuits to

be designed without specific knowledge of the physical construction of each resistor.

However for very high frequencies (GHz range) idealized performance breaks down

in a manner dependent upon the physical construction of the resistor. It is there-

fore inadvisable to use these resistors in circuits that operate at these frequencies.

However, if no other choice were available, the component could still be used by not-

ing the impedance at the operating frequency as identified by the characterization

data shown here. Biological components are akin to electrical components operating

outside of their ideal ranges, because it is difficult to engineer away non-idealities at

the molecular level. Thus, good characterization is paramount to engineering with

biological components. Figure adapted from Vishay Tech. Note 60107.



7

cal components will continue to operate in a manner that changes with input signals,

and genomic, cellular and environmental context. The ultimate success of synthetic

and systems biology will therefore hinge upon our ability to characterize biological

component function in relevant cellular contexts.

1.4 Challenges in characterizing biological systems

We identify five characterization challenges currently facing synthetic and systems

biology (Figure 1.3). First, many chemical effectors that are commonly used to probe

biological processes via activation of a particular receptor or pathway (in particu-

lar sugar, antibiotic or growth factor effectors) may also affect unknown or poorly

characterized pathways. Alternative pathway activation can feed back to alter the

performance of a component of interest in unknown ways, thus confounding analy-

sis. Extracellular effectors that activate only a single pathway should therefore be

identified. Second, many biological components respond dynamically to intracellular

signals, such as transcription factor concentration or kinase activity, as opposed to

extracellular signals. Therefore, well-defined intracellular, as opposed to extracellular

signals, should be generated in order to directly probe biological components. The

third challenge is to understand how biological components transform many different

types of dynamical input signals, such as pulses or sine waves of different ampli-

tudes or periods, into outputs in an otherwise fixed cellular context. Fourth, different

components can directly or indirectly influence one other when present in the same

cell, and such composition effects must be understood. For example, a synthetic cir-

cuit consisting of an inducible LacI repressor driving green fluorescent protein (GFP)

expression from a LacI-repressible promoter exhibits modified output dynamics, in-

cluding delayed repression and accelerated de-repression timescales, when additional
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LacI operator sites, such as those that would be present within the promoter of a

new downstream component, are present in the cell[66]. Additionally, mRNAs from a

component can compete for the cellular ribosome pool, reducing the expression level

and increasing cell-to-cell variability[67] of other proteins. In another example, high-

level expression of degradation-tagged proteins can saturate proteasomes, altering

the dynamics of otherwise unlinked components that make use of proteolysis[68, 69].

Finally, the metabolic[70] and physiological state of the cell[71] and the extracellular

growth environment[72] can alter the performance of components in ways that are

only beginning to be explored. To reliably forward or reverse engineer biological sys-

tems, the impact of host cell or environmental variables on component performance

must be systematically investigated[73].

1.5 The biological function generator approach

Recently, several groups have used time-varying light and chemical signals to pro-

gram custom gene expression and protein localization dynamics in bacteria, yeast and

mammalian cells[74–78]. Because biological rather than effector signals are being con-

trolled, we refer to these methods as biological function generators[78]. The common

first step is to identify a receptor or pathway, and define its input and output. Chem-

ical receptors, such as nutrient or metabolite-inducible promoter systems, are well

established. However, because many are linked to complex regulatory and metabolic

networks, it can be difficult to identify those whose inputs are not recognized by alter-

native pathways, or whose outputs are not subject to feedback or other complicating

regulation. For example, in the one chemical-based biological function generator ap-

proach, gene expression output is controlled from the Saccharomyces cerevisiae high

osmolarity glycerol (HOG) stress-response system using microfluidically-generated
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Figure 1.3 : Challenges in characterizing biological components, circuits and systems.

(1) An extracellular signal can alter the performance of components indirectly and

via poorly understood mechanisms. Signals should be chosen that avoid stimulating

alternative pathways. (2) The activities of biological components (e.g. receptor com-

ponent CR) are dynamic and should be probed dynamically by creating time-varying

input signals (e.g. sIN(t)), and measuring time-varying output signals (e.g. sA(t)).

(3) Components should be well-characterized in isolation. (4) The performance of

components may change when they are connected to other components and these

composition effects should be measured. (5) Components can interact with the host

cell and environment dynamically and vice-versa. The interactions between the com-

ponents, cellular host, and environment should be probed and understood. CR and

GFP can also result in composition or host effects but these are not shown for clarity.
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sorbitol input signals[76]. However, because the HOG system adapts to changes in

osmolarity, a 20-minute interval is required between sorbitol pulses that themselves

can be no more than eight minutes long. Despite the use of on-line feedback control

to adjust the input signal in response unexpected deviations, the difference between

the desired and observed gene expression signals is relatively large in this study.

Genetically-encoded light receptors (optogenetic tools)[79] provide several advan-

tages over chemical receptors. Following the initial repurposing of microbial chan-

nelrhodopsin for the optical control of neural activity[80], light-switchable proteins

including light-oxygen-voltage (LOV) domains, phytochromes, and cryptochromes

have been used to control gene expression, protein localization and other intracellu-

lar processes[81, 82]. Because they typically respond to lower intensities than what

is typically used for fluorescent protein imaging, and many model organisms do not

show sensitive responses to light, light receptors tend to have simple I/O mappings,

thus satisfying the first challenge (Figure 1.3). Furthermore, phytochrome-family pro-

teins can be rapidly converted between active and inactive conformations by different

light wavelengths, while LOV domains and cryptochromes revert to a dark-adapted

ground state in seconds to minutes after removal of activating blue light. Rapid re-

versibility allows better quantitative and temporal control of receptor output than is

expected for many chemical systems, which can be limited by slow ligand unbind-

ing, or chemical transport delays across the cell membrane. Finally, a simple mi-

crocontroller and several light-emitting diodes (LEDs) are sufficient to create highly

reproducible, multiplexed light signals at the microsecond timescale of protein confor-

mational rearrangements[83]. By contrast, it is challenging to generate multiplexed

and sub-second chemical signals using microfluidics.

The common second step in the biological function generator studies is to char-
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acterize the dynamical I/O properties of the selected receptor using a fluorescent

reporter gene[74–78] (Figure 1.4A). Given sufficient measurements, one should be

able to formulate a mathematical model that accurately predicts receptor output for

input signals that have not been tested[78]. Because the only purpose of the model

is to predict receptor I/O, a black box model will typically be preferred over a more

complicated version reflecting the receptor molecular biology. Once it is parameter-

ized with experimental data, the model can be used to simulate the receptor response

to a wide range of different inputs in silico, thus enabling the computational design

of effector signals capable of driving biological signals with desired quantitative and

temporal features (Figure 1.4B), and satisfying challenge 2. Additionally, if receptor

outputs can be measured using fluorescent proteins in real time, an in silico feedback

controller can adjust the designed input signal to account for any deviations from the

model prediction[74–76].

Biological components that can accept the receptor output as an input can now

be characterized using receptor-generated functions (Figure 1.4C), thus addressing

challenge 3. For example, if the receptor output is an inducible promoter, and the

component of interest is a transcriptional inverter composed of LacI and its target

promoter Ptac, LacI can be expressed from the inducible promoter, and GFP can

be expressed from the tac promoter. Then, a wide range of time-varying LacI tran-

scription signals can be generated, and the corresponding transcription rate from the

promoter Ptac can be determined based on GFP output. By comparing input (LacI

protein concentration) and output (Ptac promoter transcription rate), the dynamical

inverter I/O properties can be directly characterized. After a component is charac-

terized in isolation, it can be combined with other components in the same cell and

its I/O properties re-measured. By comparing the two conditions, any composition
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Figure 1.4 : Developing and using biological function generators to characterize bio-

logical components, circuits and systems. (A) The dynamic I/O of a chosen receptor

component (CR) is first characterized. Here, a light-sensitive receptor is used to regu-

late the expression of intracellular GFP. By measuring the I/O for this system over a

wide range of input signals, a model of the signal transformation can be constructed

for CR (which incorporates the effects of CR on the host and environment if neces-

sary). (B) Construction of a biological function generator by controlling the output

of a receptor. Using the model developed in (A), the intracellular output of CR can

be programmed to be sGFP (t) by computing the necessary light input signal sIN(t).

(C) Characterization of biological components and circuits using a biological func-

tion generator. The biological function generator is used to produce a range of input

signals s1(t) for the component or circuit C1. By directly measuring the signal trans-

formations of C1, a model of its signal processing properties can be characterized.

(D) Characterization of composition effects using a biological function generator. A

system is constructed in which CR drives C1, and C1 drives both C2 and GFP. The

signal transformation properties of C1 in isolation were characterized previously, so

differences in I/O in this arrangement are due to composition effects with C2. (E)

Characterization of host and environment effects of a biological component or circuit.

Using the biological function generator, a component can be characterized in a new

host or environmental condition. For example, the differences in the signal transfor-

mation behavior of C1 in Host 2 relative to its behavior in (C) can be attributed to

host effects.
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effects could be determined (Figure 1.4D, challenge 4). Finally, the fifth challenge can

be addressed by repeating I/O measurements for a single component in different host

cells or growth environments (temperature, media, cell-density, etc.) (Figure 1.4E).

Two of the biological function generator studies used light-driven biological sig-

nals to characterize genetic circuits. In the first, the authors used their previ-

ously engineered light-reversible phytochrome-based protein-protein heterodimeriza-

tion system[83] to dynamically control signaling from a guanine nucleotide exchange

factor (GEF) at mammalian cell membranes in order to characterize downstream cir-

cuit responses[77]. In the second study, we used our previously engineered phytochrome-

family bacterial two component systems[84, 85] (TCSs) to program custom protein

expression signals in E. coli, and used those signals to characterize the dynamical I/O

of a synthetic transcriptional inverter circuit[78]. In these studies, advanced dynam-

ics such as sine waves of programmable frequencies and a complex white noise signal

were used to reveal new and unexpected information about the biological circuits

being studied.

1.6 Optogenetic reverse-engineering of Ras-Erk signaling

1.6.1 The opto-SOS biological function generator

Mammalian cells make fate decisions based on extracellular information detected by

membrane-bound receptors. Many of these receptors transmit information intracel-

lularly through the Ras/Erk cascade, a module which has been demonstrated drive

critical cellular decisions such as proliferation, differentiation, and arrest[86]. The

pathway functions by regulating the activity of the serine/threonine kinase Erk, which

upon phosphorylation is translocated to the nucleus where it regulates the activity



15

of several downstream gene expression pathways. Previous approaches for studying

Ras/Erk signaling relied upon upstream chemical inducers of Ras such as platelet-

derived growth factor (PDGF) and epidermal growth factor (EFP) in NIH/3T3 cells

or nerve growth factor (NGF) in PC12 cells. However these chemical inducers also

affect several alternative signaling pathways, obfuscating the outcomes of signaling

from Ras/Erk[77].

To gain direct control of Ras/Erk, the opto-SOS system was developed[77], which

utilizes the red light-activated/far-red light-deactivated Phytochrome B/Phytochrome

Interacting Factor 6 (PhyB/PIF6) protein heterodimerization system[83]. Opto-SOS

enables light-switchable co-localization of membrane-bound Ras and the catalytic do-

main of the GEF SOS, termed SOScat, an upstream activator of Ras (Figure 1.5A).

Using live-cell fluorescence microscopy, a fluorescent protein fusion to the activator is

used to directly monitor the activity of the input signal, which is read out by plasma

membrane localization of the reporter. A different fluorescent protein reporter fusion

to Erk enables simultaneous measurement of the biological output signal via nuclear

translocation. SOScat localization and disassociation from the membrane occurs in

under one minute, and nuclear Erk levels stabilize six minutes after a change in the

light control signal (Figure 1.5B). Finally, the opto-SOS system allows light induced

cell fate decisions.

1.6.2 Characterization of the Ras-Erk module

The authors used the opto-SOS system to determine the precision with which the

Ras/Erk module transmits steady-state signals. That is, they wished to identify

whether the module is capable of detecting only coarse-grained high and low signals

or if it can discriminate between small differences in input signal. By projecting
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Figure 1.5 : Optogenetic reverse engineering of Ras/Erk signaling. (A) The opto-SOS

system (B) The light activation and deactivation dynamics of the system output.

(C) Opto-SOS enables single-cell dose-response measurements wherein the steady-

state relationship between the membrane-localized SOScat input and the nuclear-

localized Erk output signals is characterized. (D) The frequency response of Ras/Erk

was measured using a white noise light signal. Ras/Erk effectively passes signals

with periods greater than approximately 5 minutes, but attenuates faster signals.

(E) Mapping of the extended Ras/Erk circuit as revealed by opto-SOS, PDGF and

proteomics analysis. Figure adapted from Ref [77].
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and holding different ratios of red and far-red light to onto populations of opto-

SOS containing cells, the authors found that the population-averaged dose-response

curve shows substantial noise. However, single-cell measurements demonstrated that

individual cells exhibit much greater ability to transmit precise signals (Figure 1.5C).

To examine the dynamic signal processing of Ras/Erk, the authors performed a

frequency analysis, a well-established approach which has been adapted from electrical

systems engineering[87] (Figure 1.5D). In frequency analysis one measures how a

component transforms both the phase and amplitude of sinusoidal input signals of

different frequencies into outputs. Rather than characterizing the response to different

frequencies independently, the authors used a higher-throughput approach wherein

the input is a white noise signal composed of variable periods from one minute to two

hours. The resulting input (SOScat membrane localization) and output (Erk nuclear

localization) measurement data were Fourier transformed, allowing the system gain

(i.e. output amplitude divided by input amplitude) to be evaluated as a function

of input frequency. For inputs with periods faster than four minutes, the authors

observed that the output is dramatically attenuated. In the parlance of electrical

engineering, Ras/Erk is therefore a low-pass filter with high bandwidth (Figure 1.5D).

From a biological perspective this result shows that Ras/Erk is capable of responding

to relatively transient input signals, but suggests the circuit may have evolved to filter

stochastic fluctuations in input signal that result from biochemical noise such that

cell fate decisions are not made in response to false stimuli.

1.6.3 Characterization of downstream pathways

The authors next used reverse-phase protein arrays (RPPA), a high-throughput pro-

teomic tool, to measure both the total abundances and phosphorylation levels of
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downstream proteins (outputs) in response to three different inputs including a 20

minute red light pulse, sustained red light, and a PDGF control (Figure 1.5E). Of the

180 proteins screened, 27 incurred significant changes in response to PDGF. These

proteins were grouped into three classes based upon their light responses. Eight class

I proteins were identified that respond to neither of the light inputs, while 12 class II

proteins were found which respond to both light inputs, and seven class III proteins

were shown to respond only to the sustained light input. Thus, Ras/Erk signaling

is insufficient to activate class I proteins, indicating that these proteins are possibly

used to drive alternative or combinatorial responses for cell-fate decisions. By con-

trast, Ras/Erk signaling is sufficient to elicit a rapid response for class II proteins.

Notably, PKC was shown to be a class II protein despite previous research indicating

that it was solely active upstream of Ras/Erk. Finally, class III proteins demonstrate

a dependence on the dynamics of the Ras/Erk signal. One of these proteins, STAT3,

only responds after more than one hour of sustained red light.

The authors devoted further study to the slow-timescale link between Erk and

STAT3, which could not be explained by prior studies of any signaling pathway.

STAT3 is known to be downstream of two pathways, one of which was a class I

protein and thus could provide a link to Ras/Erk. The other, a Janus kinase pathway

activated by the interleukin-6 (IL-6) family of cytokines (small extracellular signaling

proteins), was hypothesized to be the link. To see whether cytokine signaling was

being used, a co-culture experiment using opto-SOS and wild-type NIH/3T3 cells was

devised. Immunofluorescence assays of STAT3 activity revealed that the wild-type

cells were indeed activated in an Erk-dependent manner by nearby opto-SOS cells

(Figure 1.5E). The co-culture experiments also showed that, surprisingly, the opto-

SOS cells did not have increased STAT3 activity. Thus, it appears that Erk activates
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the STAT3 response of neighboring cells via a cell-cell communication signal, while

remaining insensitive to the signal. Finally, the authors investigated the slow response

of the Erk/STAT3 link. It may appear that the response is slow because the cells

need to both produce and respond to the cytokine and then finally activate STAT3,

incurring time delays in the process. However, when the co-culture experiments were

performed with two one-hour pulses of red light separated by one-hour of far-red light

rather than a two-hour pulse of red light, the response in STAT3 activity was very

limited. Thus the authors hypothesize that there may be cellular circuits in place

that internally measure the duration of Erk activity and only release cytokines when

a sufficient time has elapsed.

1.7 Optogenetic characterization of a transcriptional inverter

1.7.1 Light-switchable two-component systems

Our recent biological function generator approach enables simultaneous generation

and observation of protein expression signals in exponentially growing E. coli pop-

ulations[78]. Here, extracellular light signals are converted into intracellular protein

expression signals via light-switchable bacterial two-component systems. In partic-

ular, we used our previously engineered CcaS-CcaR system, which is activated by

green and deactivated by red light[85] (Figure 1.6A), and Cph8-OmpR system, which

is activated by dark or far red and de-activated by red light[84]. Each TCS consists of

a sensor histidine kinase (SK) with a phytochrome-family photosensory domain and

bi-functional kinase/phosphatase domain (CcaS or Cph8) and a cognate response

regulator (CcaR or OmpR), which when phosphorylated by the SK, activates tran-

scription from an output promoter (PcpcG2 or PompC).
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Figure 1.6 : Forward engineering biological systems by optogenetic component char-

acterization. (A) The green/red light-switchable CcaS-CcaR two component system

(TCS) was used to control the expression of sfGFP. (B) Steady-state and dynamical

characterization experiments were performed with the CcaS-CcaR system with light

as an input and sfGFP as an output. (C) A model was constructed that enables

the accurate prediction of sfGFP output as a function of input light signals. (D)

Using the model, input signals can be designed to generate desired intracellular dy-

namics of sfGFP. (E) Using the CcaS-CcaR function generator to perform a simple

characterization of the TetR/PLtetO−1 inverter. (F) The steady-state I/O response of

the TetR/PLtetO−1 inverter. (G-H) The dynamic I/O response also exhibited a linear

response, as the (G) 180-minute and (H) 360-minute period sinusoidal TetR/sfGFP

input signals are linearly transformed into sinusoidal outputs with the same period

and a delay of approximately 7 minutes. Figure adapted from Ref. [78].
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1.7.2 Light-switchable TCS characterization

By expressing superfolder GFP (sfGFP) from each output promoter, we performed

systematic characterizations of the steady-state TCS I/Os to different ratios of green-

to-red (Figure 1.6B), or different intensities of red light. Then, we demonstrated that

the gene expression response to a step-change in light input consists of three distinct

time-scales: a pure delay during which transcription rate does not change, a time

window during which transcription transitions from the initial to final rate, and a

fixed time required for the output protein (sfGFP) to reach the new steady state

after an instantaneous change in its transcription rate. Interestingly, the pure delay

is present only in the CcaS-CcaR system, while the kinetics of the transcription rate

transition are dependent on the intensity of light when switching both systems away

from the ground state, but constant when switching in the other direction. Finally,

the timescale of sfGFP transitions matches the growth rate of the cells, an expected

result for stable proteins. Simple ordinary differential equation models consisting

only of the delay and two sequential exponential transitions were sufficient to fit the

observed dynamics. By parameterizing the models with experimental measurements

of the response to a variety of step changes, we could quantitatively predict the

response of the TCSs to multiple non-experimentally tested step changes linked in

series (Figure 1.6C).

1.7.3 Light-switchable TCS control

By combining model simulations with an in silico optimization algorithm, we then

designed light signals to drive gene expression dynamics to quantitatively follow user-

defined reference time-courses with low error (Figure 1.6D). For example, light signals

were designed to drive sfGFP to transition with linearly and bi-phasically between
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defined start and end points over 180 minutes, the latter of which was approximately

80 percent faster than a single step change in light input. Then, we generated sine

waves with programmable amplitudes and periods and a complex waveform combin-

ing linear ramps, holds, and sinusoids over 12-hour experiments with equally high

predictability (Figure 1.6D).

1.7.4 Component characterization using CcaS-CcaR

Using our function generator approach, we characterized how a synthetic transcrip-

tional inverter composed of the commonly used Tet repressor (TetR) and PLtetO−1

promoter transformed signals (Figure 1.6E). By co-expressing sfGFP and TetR from

the PcpcG2 output promoter and mCherry from PLtetO−1, we could directly observe

both the input and output of PLtetO−1. At steady state, the inverter showed a highly

linear I/O over the range of TetR levels produced by CcaS-CcaR (Figure 1.6F). Then,

we programmed TetR sine waves and linear ramps and measured the relationship be-

tween sfGFP and mCherry signals. These measurements revealed that the inverter

was not only linear at steady state, but also dynamically; the output signals were

well-fit by the inverse of fits to the inputs with an approximately seven-minute delay

relative to the input.

1.8 Discussion

The reverse-engineering approach used to characterize Ras/Erk led to several novel

conclusions including its single-cell steady-state and dynamic I/O properties. Further-

more, direct control of SOS activity enabled the effects of Ras/Erk to be decoupled

from those of alternate pathways that respond to the widely used chemical activator.

In addition, the biological function generator method revealed unexpected responses
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to Ras/Erk signaling, a lack of responses previously attributed to Ras/Erk, and novel

downstream connections that depend on Ras/Erk dynamics.

Our forward engineering study yielded several promising results for the synthetic

biology. First, we demonstrated that the non-linear dynamics of two different multi-

protein signal transduction pathways could be accurately modeled using simple step-

response light input/gene expression output measurements. This result suggests that

step-like changes in proteins, created using our function generator, could similarly

be used to characterize biological components that respond to protein inputs. Such

an approach could greatly simplify the characterization and modeling of synthetic

biological components that lack convenient extracellular effectors. Second, the CcaS-

CcaR I/O was remarkably robust to several genetic and environmental perturbations.

These include the addition of tetR to mRNA encoding sfgfp, the presence of an ad-

ditional plasmid carrying PLtetO−1:mcherry and its corresponding antibiotic, and the

extra TetR and mCherry expression load. Any performance differences arising from

these context and environmental changes were accounted for by re-measuring a sin-

gle parameter, the cell growth rate, and adjusting it in the model. Finally, that

the inverter is highly linear over the range of TetR levels used suggests that other

transcriptional components can be engineered to operate within linear ranges as well.

Linear transcriptional components are appealing because they are simple to charac-

terize and model. While linear components do not exhibit the same richness of signal

transformation capabilities as nonlinear components, they can nonetheless be used to

perform simple signal transformations, such as amplification and attenuation, which

are useful when connecting components with different I/O signal strength require-

ments, a common scenario in synthetic biology. Libraries of linear components could

therefore accelerate predictive design and scale up in gene circuit complexity, both
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major goals of synthetic biology.

1.9 Looking forward

1.9.1 Development of improved biological tools

The existing function generator systems can be used to directly characterize the I/O

of other biological components. However, further developments could improve data

collection throughput and reduce other external variables that confound measure-

ments. In the case of the bacterial[78] and yeast[74] light-switchable systems, con-

tinuous culture instruments containing both LED inputs and fluorescence detectors

would permit uninterrupted, high temporal resolution I/O measurements for longer

experimental timescales and improved control of growth phase, culture density and

media conditions. In the case of our systems, on-line fluorescence monitoring would

permit the introduction of in silico feedback control, which could make the generated

biological input signals even more robust to perturbations arising from composition

effects, component-host interactions or environmental conditions.

It should also be possible to replace fluorescent probes with high-throughput se-

quencing (HTS) approaches to increase the number of outputs that can be measured.

For example, mRNA barcoding and RNA-seq methods could be used to simultane-

ously measure the mRNA input and output from each node in a much larger synthetic

or natural transcriptional circuit in order to avoid challenges of spectral overlap in

highly multiplexed fluorescent proteins[88]. The dynamics of the input and output

proteins could then be inferred using a standard model of translation[89].

When combined with the recent CRISPR interference (CRISPRi) method, func-

tion generators with transcriptional outputs could be used to dynamically perturb
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the expression of virtually any gene in almost any laboratory organism by controlling

the expression of a short guide RNA (sgRNA) designed to base pair with a genomic

promoter[90, 91]. Then, by combining custom sgRNA dynamics with HTS analysis,

one could analyze how signals flow through known and unknown downstream promot-

ers, and discover promoters that respond to specific dynamical signals in a manner

akin to the RPPA analysis in the opto-SOS study. For example, the cellular response

to programmed dynamics of the mammalian tumor suppressor p53 (ref [92]), the

S. cerevisiae HOG pathway[93], Bacillus subtilis competence regulators ComS and

ComK[94], or the E. coli SOS DNA damage response regulator LexA[95] could all be

investigated. It seems likely that the ability to generate custom intracellular signals

will increasingly reveal that dynamical signal processing is a widespread paradigm in

biology.

Single cell biological function generator methods could also be used to study the

role of gene expression noise in cellular decision making, and population dynamics.

To generate single-cell functions, the authors of the Ras/Erk study used a digital

micromirror device (DMD) adapted to project spatially controlled patterns of light

onto a microscope stage[75]. This approach should be amenable to use with our

light-switchable TCSs as well. The length-scale limits of DMD-based microscope

systems is as low as approximately 500 nm, which could theoretically allow single

bacteria within a dense microcolony to be controlled with light. Finally, it should be

possible to multiplex function generators using orthogonal input signals and receptors.

Multiple independent intracellular signals could then be used to analyze multi-input

promoters[17, 96] or logic gates[21], or multiple nodes within the same or different

circuits simultaneously.
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1.9.2 Managing the combinatorial explosion in characterization experi-

ments

While complete component characterizations may be desirable (Figure 1.4), they will

often be impractical when the number of components or contexts is large, a common

scenario in biology. More reasonably, a limited set of characterization measurements

may be performed and used to parameterize a more general model of component I/O

and context dependencies. When initially characterizing a new class of components

(e.g. transcriptional activators), datasets may need to be large in order to construct

models that accurately capture all relevant performance characteristics. However,

additional components from the same class should then be well-fit by the same model

architecture with a different parameterization. Those components that are not well-

fit would likely be subject to different molecular interactions or modes of regulation,

and should be placed in a different class. The accuracy of newly constructed models

can then be verified by comparing the simulated responses of components to pre-

viously untested inputs to experimental measurements of those same input signals.

Model development and data collection will reinforce one another, with better models

increasing the amount of biological understanding achieved through measurements,

such that fewer measurements can be made to achieve yet more understanding. In

the end, improved understanding achieved through biological function generator mea-

surements should accelerate progress toward the major goals of systems and synthetic

biology.
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Chapter 2

Characterizing bacterial gene circuit dynamics

with optically programmed gene expression signals

This chapter was originally published in Nature Methods in 2014 (Ref. [78]). This

manuscript was co-authored by myself, Lucas A. Hartsough, Brian P. Landry, Raghav

Shroff, and Jeffrey J. Tabor. Jeff and I conceived of the project, which Jeff super-

vised. Lucas, Brian, and Raghav aided me in designing and performing experiments.

Brian and I designed and constructed the plasmids. I designed and constructed the

Light Tube Array (LTA), analyzed data, constructed the mathematical light-to-gene-

expression model, and developed the light program sequence optimization algorithm.

Jeff and I wrote the manuscript and were provided helpful comments from the other

authors.

2.1 Abstract

Gene circuits are dynamical systems that regulate cellular behaviors, often using

protein signals as inputs and outputs. Here we have developed an optogenetic ’func-

tion generator’ method for programming tailor-made gene expression signals in live

bacterial cells. We designed precomputed light sequences based on experimentally

calibrated mathematical models of light-switchable two-component systems and used

them to drive intracellular protein levels to match user-defined reference time courses.

We used this approach to generate accelerated and linearized dynamics, sinusoidal

oscillations with desired amplitudes and periods, and a complex waveform, all with
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unprecedented accuracy and precision. We also combined the function generator with

a dual fluorescent protein reporter system, analogous to a dual-channel oscilloscope,

to reveal that a synthetic repressible promoter linearly transforms repressor signals

with an approximate 7-min delay. Our approach will enable a new generation of dy-

namical analyses of synthetic and natural gene circuits, providing an essential step

toward the predictive design and rigorous understanding of biological systems.

2.2 Introduction

To characterize the signal processing properties of a circuit, one must measure how it

transforms a wide range of dynamical inputs into outputs. Recently, gene circuits have

been dynamically characterized by using microfluidic devices to create step changes

and waveforms of extracellular effector molecules while simultaneously monitoring

intracellular responses[93, 97–101]. There are two fundamental limitations to this

approach. First, in the absence of a transmembrane receptor, chemicals must diffuse

or be transported across cellular membranes before affecting the circuit under study.

Transport processes introduce unknown delays, which confound circuit analysis, and

low-pass filtering, which slows the timescale over which a signal can change[97, 101].

Second, using chemical approaches, one can analyze gene circuits only with convenient

effectors such as sugars or osmolytes. Alternatively, an optical method for creating on-

demand protein signals in live cells would bypass these limitations and, in principle,

enable the dynamical characterization of virtually any gene circuit that responds to

changes in protein concentration.

Recently, in silico feedback control has been used to set and hold a desired protein

expression level[74] and create basic expression dynamics[76] in Saccharomyces cere-

visiae. In these studies, light- and sorbitol-responsive promoters were used to control
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expression of a fluorescent reporter protein, which was measured by flow cytome-

try or fluorescence microscopy. Experimental characterization data were collected to

calibrate mathematical models, which were in turn used to design a series of input

pulses to drive protein expression to follow desired reference signals. The experimen-

tal data were observed to deviate substantially from the model predictions, and a

feedback controller was used to improve the fidelity of in vivo control. Nonetheless,

the accuracy and degree of gene expression programmability of these methods remains

limited[74, 76]. We hypothesized that the combination of continuously applied ana-

log light inputs and rapidly photoreversible promoters would permit the development

of quantitatively predictive mathematical models, which would in turn enable more

reliable programming and more complex gene expression signals.

Previously, we engineered two Escherichia coli two-component systems (TCSs)

wherein transcription from an output promoter is controlled by different activating

and inhibitory light wavelengths[84, 85] (Figure 2.1A,B, Section 2.5 and Supplemen-

tary Figure 2.6). Each TCS comprises a light-switchable sensor histidine kinase (SK)

containing an N-terminal phytochrome-family photosensory domain and a C-terminal

bifunctional kinase-phosphatase signaling domain. In the first TCS (hereafter ’CcaS-

CcaR’), the SK CcaS is produced in a green-absorbing ground state, termed Pg.

Absorption of green light flips CcaS to a kinase-active red-absorbing state (Pr) that

phosphorylates the response regulator CcaR, which then binds to the cpcG2 promoter

and activates transcription (Figure 2.1A). Absorption of red light switches CcaS Pr

back to Pg, which dephosphorylates phospho-CcaR, deactivating transcription (Fig-

ure 2.1A). In the second TCS (hereafter ’Cph8-OmpR’), the SK Cph8 is produced in

a kinase-active Pr state that phosphorylates the response regulator OmpR, activat-

ing transcription from the ompC promoter (Figure 2.1B). Red light switches Cph8
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Pr to a far red-absorbing state (Pfr), which dephosphorylates phospho-OmpR, de-

activating transcription (Figure 2.1B). In this study, we systematically characterized

the steady state and dynamical properties of these light sensors in response to ana-

log light intensities and developed a predictive mathematical model that we used to

program custom gene expression dynamics. We then applied this approach to control

the expression dynamics of the transcriptional repressor TetR and incorporated two

fluorescent protein probes to characterize the input-output signal processing proper-

ties of a widely used TetR-repressible promoter (PLtetO-1; Ref. [102]) in live E. coli

cells.

2.3 Results

2.3.1 Light tube array design and gene expression analysis

To control gene expression dynamics with light, we designed and constructed the

light tube array (LTA), an instrument that contains independently programmable

blue, green, red and far-red LEDs (Figure 2.1C) that deliver calibrated intensities of

each wavelength to each of 64 standard test tubes (Figure 2.1D and Supplementary

Figures 2.6 and 2.7). Housed in a shaking incubator, the LTA allows optical signals to

be sent into batch cultures undergoing exponential growth. We characterized expres-

sion from each of the two light-sensor output promoters using superfolder GFP[103]

(sfGFP) (Figure 2.1A,B). Bacteria were grown in the LTA under a constant or dy-

namical (Figure 2.1E) light signal (Section 2.5 and Supplementary Section 2.6.3). At

the end of the experiment, bacteria were harvested and placed in a transcriptional

inhibitor solution, and sfGFP maturation was allowed to go to completion before

measurement by flow cytometry (Supplementary Section 2.6.3).
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Figure 2.1 : Light-switchable two-component systems (TCSs) and light tube array

(LTA). (A) Expression of sfGFP from the green-activated (λmax = 535 nm), red-

deactivated (λmax = 670 nm) CcaS-CcaR two-component system is controlled by

modulating the intensity of a green LED (λmax = 520 nm) while a red LED (λmax =

650 nm) is maintained at high intensity. (B) Expression from the dark-activated, red-

deactivated (λmax = 650 nm) Cph8-OmpR TCS is controlled by the intensity of the

red LED. (C) Schematic of the LTA. An array of individually controlled LEDs is used

to deliver programmed light inputs to exponentially growing bacterial cultures in a

shaking incubator. (D) Each culture tube is optically isolated with opaque foam. (E)

Cells preconditioned into the low-expression state were grown in the LTA and exposed

to a series of 180-min light inputs (green, 4.05 W/m2 emission from green LED;

red, 1.05 W/m2 from red LED; gray, LEDs off). Data points represent population

means of single-cell fluorescence distributions (N = 2,000-5,000 cells) collected by

flow cytometry.
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2.3.2 Characterization and modeling of light sensors

We first used the LTA to characterize the relationship between light input and protein

expression output for both sensors (i.e., their steady-state transfer functions). Our

measurements revealed that expression from CcaS-CcaR increases with green light

intensity up to the LTA maximum of 4.03 W/m2 (Figure 2.2A) with a response that

is fit well by a Hill function (Hill coefficient n = 2.8 ± 0.4; values are ± the standard

error of the fit) containing an additional linear term (Supplementary Figure 2.9).

Measurements also revealed that red light competitively inhibits activation by green

light (Supplementary Figure 2.10). This feature allowed us to reduce the sensitivity of

CcaS-CcaR to green light (half-maximal response, k, was raised from 0.010 W/m2 to

0.13 W/m2) while preserving the full output range (Figure 2.2A and Supplementary

Section 2.6.3). The Cph8-OmpR transfer function differs from that of CcaS-CcaR in

several ways. First, gene expression output decreases with the intensity of red light in

a manner described by a standard Hill function (n = 1.4 ± 0.1; Figure 2.2B and Sup-

plementary Figure 2.11). Additionally, far-red light has a minimal competitive effect,

likely owing to rapid dark reversion of Cph8 from the Pfr to Pr state (Figure 2.1E and

Supplementary Figure 2.12). Thus, the CcaS-CcaR system is a green:red light-ratio

sensor, and the Cph8-OmpR system is a red light-intensity sensor.

We next applied step increases and decreases of the control signal (green or red

intensity, respectively) to cultures preconditioned to low, intermediate and high light

sensor expression levels. The resulting sfGFP time courses (Figure 2.2C,D and Sup-

plementary Figures 2.13 and 2.14) revealed three timescales underlying response dy-

namics. The dominant timescale arises from sfGFP dilution during cell growth and

division, an expected result for a stable protein[89]. In addition, we observed a gene

expression switching time, during which the sfGFP production rate transitions from
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the initial to final level. For step increases in gene expression from CcaS-CcaR, the

switching time depends on the final green intensity, requiring 1-28 min for the pro-

duction rate to transition to 50% of its final value (Figure 2.2C and Supplementary

Figure 2.13). In contrast, the production rate of Cph8-OmpR has a constant switch-

ing timescale of 4 min for step increases in expression, regardless of the final red

intensity (Supplementary Figure 2.14). For step decreases in gene expression, the

production rate from CcaS-CcaR switches halfway in 10 min, whereas Cph8-OmpR

switches as quickly as 4 min in a manner dependent on the final red intensity (Fig-

ure 2.2D and Supplementary Figure 2.13). Finally, the third timescale observed in

CcaS-CcaR, but not Cph8-OmpR, is an approximate 5-min delay before the sfGFP

production rate begins to shift in response to a change in light input Supplementary

(Figure 2.13).
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Figure 2.2 : Experimentally characterized TCS models predict input-output dynam-

ics. (A,B) Steady-state protein expression from the CcaS-CcaR (A) and Cph8-OmpR

(B) systems with increasing intensity of input light. Red light was held at 1.05 W/m2

for the CcaS-CcaR system for all experiments. The mathematical model (gray) is

shown as the interquartile range of N = 500 simulations produced by sampling the

measured parameter uncertainties. Insets show the full intensity range available us-

ing the LTA. (C,D) TCS responses to step increases of the control wavelength from

0 to the intensities shown. The kinetic model is parameterized via a least-squares

fit of the sfGFP fluorescence (solid) and production rate (dash) variables, with the

switching time of production rate indicated (τ1/2). (E,F) Model validation comparing

predicted response (gray) to a series of step changes in light input with experimental

data. The input light signal (dotted) is shown converted to fluorescence units using

the steady-state response of the system as measured in A,B. Markers and error bars

represent the mean and standard deviation (s.d.) of experiments on three separate

days. Simulated region is determined as in A,B. Root-mean-square (r.m.s.) errors

(RMSESIM) compare predictions and experiments for each day and are expressed as

a percentage of the full output range of each system.
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On the basis of these step-response data, we developed a two-dimensional ordinary

differential equation model of the dynamics of the light sensors. The model incor-

porates two dynamic variables and three parameters describing the three observed

timescales. The two variables are the sfGFP production rate, p(t), and the sfGFP

abundance, g(t). The parameters include a short delay in response to the control

signal (τdelay), a light intensity-dependent rate of change of the sfGFP production

rate (kp) and the sfGFP dilution rate due to cell growth (kg) (Section 2.5 and Sup-

plementary Figure 2.15). We used least-squares minimization to parameterize the

model against the experimental data sets (Supplementary Figures 2.13 and 2.14 and

Supplementary Table 2.1). To validate our modeling approach, we then simulated

the response of both sensors to a series of step changes in the control signal that we

had not previously tested in the calibration experiments (Figure 2.2E,F). We then ex-

posed bacterial cultures expressing each sensor to the same series of step changes, and

measured the resulting sfGFP expression dynamics. For both sensors, our simulations

predicted the experimental dynamics accurately and reproducibly over experiments

performed on three separate days (Figure 2.2E,F and Supplementary Table 2.2).

2.3.3 Computational design of light control programs

We next investigated whether the model could be used to design time-varying light

programs capable of driving gene expression to follow a user-defined reference signal.

To this end, we wrote an in silico algorithm that accepts a reference gene expression

time course and an initial light control program as inputs (Figure 2.3A and Supple-

mentary Figure 2.16). The algorithm uses the dynamic model to simulate the gene

expression response and iteratively optimizes the light control program until the er-

ror between the reference and the simulation is sufficiently small. We then tested
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the computationally optimized light control programs experimentally with bacteria

grown in the LTA.

2.3.4 Programming gene expression transitions

First, we used our computational approach to dramatically reduce the time required

to transition between two analog gene expression levels. The canonical strategy of

applying a step increase in the concentration of an inducer resulted in relatively slow,

exponential dynamics with a fixed shape and timescale (Figure 2.2C,D). To accelerate

gene expression response dynamics, we simply defined references that are equivalent

to the desired final expression level for cells beginning at a different, initial expression

level. For example, we specified a time-zero target of 54 arbitrary sfGFP fluorescence

units (a.u.) for CcaS-CcaR-expressing cells preconditioned to the minimal sfGFP

expression level of 17 a.u. The algorithm began by applying the maximal green

intensity in order to quickly minimize the difference between the gene expression

simulation and the reference (Figure 2.3A). According to the model, this maximal step

increase minimizes the gene expression switching time and increases sfGFP production

to the maximal rate. As the simulated expression level approaches the reference, the

algorithm decreases green light intensity to avoid unwanted overshooting. Finally,

green intensity is increased to a final intermediate value over a series of smaller step

changes (Figure 2.3A).

Experimental tests of the above accelerator light program revealed that in vivo

gene expression closely follows the simulation (Figure 2.3A), thus dramatically re-

shaping response dynamics. Indeed, the transition to 90% of the target expression

level was accelerated to 60 min, relative to 165 min for a step increase. We used this

same approach to accelerate the CcaS-CcaR step transition from 17 to 28, 39, 50,
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Figure 2.3 : Programming protein transition dynamics with a biological function

generator. (A) A desired protein reference signal is used as the input to the algorithm

that generates the light program (top row). Left, the reference signal transitions

discontinuously from a low expression output (solid circle) to a high expression level

(open circle, black line) at time t = 0. Right, the reference signal transitions linearly

from low to high. These reference signals are used to compute programmed sequences

of step changes in light intensity that minimize the square error between the predicted

and reference protein expression signal (center row). The light programs are depicted

as in Figure 2.2. Experimental protein-expression response of the CcaS-CcaR system

(green dots) to the precomputed light sequence is shown alongside basic step input-

driven transitions (black dots) (bottom row). (B-E) Accelerated (B,C) and linearized

(D,E) transitions are shown with reference signals and predicted trajectories. R2

values were calculated by comparing data to the linear reference signal. Error bars

and simulations are as in Figure 2.2. Fluor., fluorescence.
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and 61 a.u., as well as the transition of Cph8-OmpR from 13 to 30, 47, 64 and 81 a.u.

(Figure 2.3B,C). In all cases, the model predicted the accelerated response dynam-

ics accurately, and the transition times were reduced by up to 83% (Supplementary

Section 2.6.3 and table 2.3). In addition, we used this strategy to accelerate gene

expression decreases between many different analog expression levels (Supplementary

Figure 2.17).

Next we defined a set of linearly increasing reference signals with different slopes

over a 180-min time window (Figure 2.3A,D,E). The algorithm produced light con-

trol programs predicted to generate these linearized dynamics for each sensor. Once

again, the experimental gene expression dynamics closely followed the references with

low error, for both sensors, over three different days (coefficient of determination R2

= 0.761-0.980; Supplementary Table 2.2). Our method also generated highly lin-

ear increases and decreases over all longer experimental trials examined, up to 12 h

(Supplementary Figure 2.18).

2.3.5 Programming gene expression signals

A technology for programming tailor-made gene expression signals in vivo (i.e., a

biological function generator) could transform our understanding of biological sys-

tems, in particular genetic circuits. We therefore investigated whether our approach

could be used to generate user-defined protein waveforms. First we defined a 12-h

sinusoidal reference that oscillates with a period of 360 min and has an amplitude of

80% and offset of 50% of the total CcaS-CcaR and Cph8-OmpR output ranges. After

one oscillation, the period and amplitude are halved, and two further oscillations oc-

cur (Figure 2.4A). The algorithm produced light-control programs predicted to drive

each sensor to closely follow this oscillatory reference, and bacteria exposed to these



40

light programs produced well-defined gene expression sinusoids (Figure 2.4B,C). For

both sensors, we observed no error propagation over the 12-h experiment, and sfGFP

expression patterns quantitatively tracked the amplitude, period and offset values for

both of the sine waves specified in the reference with the same standard of accu-

racy, precision and reproducibility achieved for the accelerated and linear transitions

(Supplementary Table 2.2).

To examine the degree of gene expression programmability enabled by our method,

we next challenged the algorithm with a 12-h reference composed of several different

dynamics juxtaposed in series (Figure 2.4D). For CcaS-CcaR, the reference begins

with a linear increase from 17 to 56 a.u. over 150 min, followed by a 60-min hold, a

90-min linear decrease to 44 a.u. and a 60-min hold. Then the signal switches to a

sinusoidal oscillation with a 300-min period, peak-to-peak amplitude of 50 a.u. and

offset of 44 a.u. Finally, the signal holds constant for 60 min. The same reference is

generated for the Cph8-OmpR system, with the same relative sfGFP values, scaled to

the output range of the system (Figure 2.4D). As before, the algorithm produced light

control programs predicted to drive sfGFP dynamics that closely follow the reference.

Despite the length and complexity, the light control program faithfully generated the

desired waveform in vivo via both light sensors, with no loss in accuracy, precision,

or reproducibility compared to the other reference signals tested (Figure 2.4E,F).

The combined experimental r.m.s. error between the simulated and observed signals

(RMSESIM) for all programming experiments was 5.0% for CcaS-CcaR (N = 53 trials)

and 6.9% for Cph8-OmpR (N = 33 trials) (Supplementary Table 2.2).
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Figure 2.4 : Programming custom protein-expression signals with a biological function

generator. (A) Sinusoidal reference expression signal with labels indicating absolute

expression levels of the CcaS-CcaR and Cph8-OmpR systems for B,E and C,F respec-

tively. Timings used in the reference are shown in minutes (top). (B,C) Experimental

response to the precomputed light inputs for the sinusoidal reference signal. (D-F)

Complex waveform generation as described in A-C. Light input, prediction and ex-

perimental data are as described for Figure 2.2. RMSEREF compares the experiment

to the reference for each of the three trials. Fluor., fluorescence.
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2.3.6 Using the function generator to analyze gene circuits

To probe the utility of our biological function generator for characterizing gene circuits

(Figure 2.5A), we next connected the CcaS-CcaR system to the tetracycline repressor

gene tetR, which we used to repress the PLtetO-1 promoter. This configuration results

in a transcriptional ’inverter’ circuit, wherein high levels of transcriptional input from

CcaS-CcaR result in low levels of transcriptional output from PLtetO-1, and vice versa

(Section 2.5 and Supplementary Figure 2.6). To simultaneously monitor circuit input

and output signals, we used a dual fluorescent reporter probe system wherein sfGFP

is expressed from the same mRNA as TetR, and mCherry is expressed from PLtetO-1

(Ref. [102]) (Figure 2.5A). Dual-channel flow cytometry measurements revealed that

the addition of this inverter circuit had a negligible effect on the performance of

the CcaS-CcaR system (Supplementary Section 2.6.3 and table 2.1). Furthermore,

we observed a highly linear (R2 = 0.991), inverse steady-state relationship between

TetR and mCherry levels across the entire CcaS-CcaR output range (Figure 2.5B,

Supplementary Section 2.6.3 and table 2.4).

We next used our approach to produce sinusoidal and linear TetR input sig-

nals (Figure 2.5C,D). A simple recalibration of the experimentally measured cell

division rate and steady-state parameters in the dynamical model (Supplementary

Section 2.6.3 and table 2.1) resulted in experimentally measured sfGFP and TetR

dynamics that closely followed the reference sinusoids over the entire time course

(Figure 2.5C), demonstrating that the function generator is robust to these different

genetic contexts. Dual-channel cytometry revealed that the circuit transforms 180-

and 360-min-period sinusoidal inputs into inverted output oscillations with the same

periods (Figure 2.5C). Both the input and output signals are well-fit by sine func-

tions, as evidenced by nonlinear least-squares fits, revealing that the circuit performs
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Figure 2.5 : Analysis of gene circuit signal processing using the biological function

generator and dual-reporter oscilloscope system. (A) Top, a basic toolkit for charac-

terizing signal propagation through electronic circuits consists of a function generator,

which sends an input signal into a circuit of interest, and an oscilloscope, which uses

two probes to measure the signal both before and after it has been transformed by

the circuit. Bottom, an analogous toolkit for biological circuits. Here the CcaS-CcaR

biological function generator sends a TetR input signal into the TetR/PLtetO-1 genetic

inverter. A dual-reporter system, in which sfGFP is proportional to the input signal

and mCherry is the output signal, is used to measure circuit signal-processing fea-

tures. (B) Steady-state response of the inverter circuit. The markers indicate the

measured means of the sfGFP and TetR (’sfGFP/TetR’) and mCherry fluorescence

distributions in response to different input light intensities. A least-squares fit (gray)

is shown as the interquartile range of N = 500 Gaussian samplings of the parame-

ter standard errors. (C,D) Two sinusoidal (C) and four linear (D) reference signals

(black) were used to generate an sfGFP/TetR input signal (green dots), which is

transformed by the inverter into a mCherry output signal (red dots). The sinusoidal

reference signals have periods of 180 (left) and 360 min (right), and the linear reference

signals drive the system with four different slopes over 180 min. Data are shown as

previously described (Figure 2.2E,F). Least-squares sine and linear fits (green and red

shaded regions) were performed to the data following 120 min (C) and 24 min (D) so

that the input signals could approach the reference. The fit regions are shown as the

interquartile range of N = 500 simulations produced by sampling the fit parameter

uncertainties.
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a linear transformation wherein the input signal is inverted and offset by a time delay

of 7.0 ± 5.4 min (Supplementary Section 2.6.3 and table 2.5).

To further characterize the linearity of the inverter, we used the function generator

to create the same four 180-min linear TetR signals that we previously demonstrated

with sfGFP alone (Figure 2.3D). The experimental sfGFP and TetR dynamics re-

mained highly linear (Figure 2.5D), albeit with a slight systematic discrepancy be-

tween the reference and in vivo signals Supplementary (Section 2.6.3). Despite this

small difference, the dual probe approach allowed us to directly measure the in vivo

transformation performed by the circuit. Fits again revealed that the circuit output

is exceptionally linear regardless of the slope of the input (Figure 2.5D and Supple-

mentary Section 2.6.3).

2.4 Discussion

Our overall approach is analogous to the standard electronic engineering technique

of using a function generator to produce programmable voltage signals and an oscil-

loscope to monitor the signals before and after passing through a circuit of interest.

In principle, our method could be used to study virtually any biological process that

is dynamically affected by gene expression. We have demonstrated the utility of the

approach by varying the expression level of the transcriptional repressor TetR linearly

and sinusoidally and monitoring the protein expression output from the regulated pro-

moter PLtetO-1. Despite numerous inherent sources of nonlinearity in transcriptional

regulation, our experiments revealed an extended range over which PLtetO-1 responds

linearly to TetR signals, with an approximate 7-min delay.

Linear gene circuits are desirable for synthetic biology because they are relatively

simple to characterize and model and are likely to perform predictably when con-



46

nected to other genetic devices. One could construct amplifiers, attenuators, adders

and adaptors that correct signal-strength mismatches[104] between parts, as well as

other advanced devices from linear gene circuits. Our function generator could also

be combined with linear systems-identification methods from engineering, such as

frequency analysis[87], to construct black-box models of natural or synthetic gene

circuits. Several recent studies have used microfluidic devices to perform frequency

analysis of gene circuits by creating extracellular signals of their native chemical

effectors[93, 97–99]. In contrast, our function generator uses a single input, light,

to produce intracellular signals of different proteins, yielding a simpler and more

generalizable approach.

Experimentally parameterized dynamical models of gene circuits have major im-

plications in basic science and engineering. For natural circuits, black-box models

can be developed quickly using our approach, thereby accelerating the generation of

new hypotheses. These models can then be elaborated into mechanistic models in a

rational or iterative manner, allowing rapid testing of the hypotheses. In particular,

the high performance standard of our method is ideal for analyzing dynamic biologi-

cal phenomena that are technically challenging to study[105], such as cell cycles[106],

circadian clocks[107], stress responses[108, 109] and differentiation[110–113]. Our

approach could also facilitate more detailed studies of ordered assembly in multi-

protein complexes[114, 115] and of the dependence of gene circuit dynamics on host

context[70, 116], and it should improve the predictability with which synthetic gene

circuits can be composed into higher-order systems[117]. Finally, our approach could

be used to dynamically program metabolic enzyme expression, allowing faster opti-

mization of engineered pathways, especially those wherein the timing of expression

affects efficiency, toxicity or yield[118, 119].
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The two light-switchable TCSs used in this study have different action spectra

and can be independently controlled when expressed in the same cell[85], making

our approach amenable to multiplexing. The function-generator method should

also be extensible to other phytochrome-based TCSs that respond from the UV

to the near infrared[120, 121] and to light-switchable eukaryotic gene expression

systems[122, 123]. The performance features of our TCSs, such as basal (leaky)

expression and output dynamic range, could be improved with further engineering,

thereby extending the applicability of our method to more biological problems. In

addition, continuous culture instruments could be developed to eliminate well-to-well

variability in the LTA, decrease handling requirements and increase data collection

throughput. The addition of on-line fluorescent protein detectors would also enable

in silico feedback, wherein the light control program could be adjusted to compen-

sate for any variability in protein expression levels not accounted for in the model.

Finally, an arrayed micromirror technique has recently been combined with a eukary-

otic optogenetic tool[83] to produce user-defined signals of membrane localization of

eukaryotic signaling proteins[75] and reveal new properties of a signal transduction

pathway[77]. Our method should be compatible with this approach, allowing gene

circuit dynamics to be characterized with unprecedented single-cell resolution.

2.5 Methods

2.5.1 Plasmids and strains

For the CcaS-CcaR system, plasmids pJT119b and pPLPCB(S) (Supplementary Fig-

ure 2.6) were constructed previously9. For the Cph8-OmpR system, pCph8 (Ref.

[84]) and pPLPCB(S) were constructed previously. Plasmid pEO100c (Supplemen-



48

tary Figure 2.6) was constructed by swapping in a new synthetic ribosome binding site

(RBS; TCATATATAAATAAAATAAGGTAGGTCAATAT) into pEO100b using the

MEGAWHOP procedure[124]. The RBS was designed using the RBS Calculator[125]

with a target translation rate of 100,000 a.u. pEO100b (not used for data collection

in this study) was constructed using a two-part Gibson assembly[126] with pJT108

(Ref. [51]) as PCR template for the plasmid backbone and pJT119b as a PCR tem-

plate for the sfGFP gene. Plasmid pBL4 (Supplementary Figure 2.6) was constructed

using a two-part Golden Gate assembly[127] with pJT119b as PCR template for the

backbone and a lab stock of the tetR gene as PCR template for the tetR assembly frag-

ment. tetR was translated from a synthetic RBS (TCACACAGGAAACCTACTAG)

sourced from part BBa B0031 (http://parts.igem.org/). Plasmid pBL6 (Supple-

mentary Figure 2.6) was constructed using a two-part Golden Gate assembly[127] with

pEO100c (Supplementary Figure 2.6) as PCR template for the backbone and a lab

stock of the mCherry gene as PCR template for the mCherry assembly fragment, and

PLtetO-1 (Ref. [102]) was embedded in the mCherry forward primer. Plasmid pPCBSE

(graciously gifted by S. Schmidl) was used in place of pPLPCB(S) for the inverter cir-

cuit experiments (Figure 2.5). pPCBSE was constructed using one-part Golden Gate

assembly[127] with pPLPCB(S) as PCR template. The engineered promoter Plac/ara-1,

which drives ho1 and pcyA transcription on pPLPCB(S), was replaced by primer over-

hangs with the constitutive promoter J23108 (CTGACAGCTAGCTCAGTCCTAG-

GTATAATGCTAGC, http://parts.igem.org/). The kanamycin-resistant envZ -

deficient E. coli strain JT2 (Ref. [85]) was used for all experiments. Primers used

during the construction of these plasmids have been listed (Supplementary Table 2.6).

The plasmids and sequences are available at Addgene (http://www.addgene.org/).

http://parts.igem.org/
http://parts.igem.org/
http://www.addgene.org/
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2.5.2 Light tube array (LTA) design and construction

The LTA is constructed from layers of opaque foam and aluminum and a printed

circuit board layer (Supplementary Figures 2.7 and 2.8). The instrument provides an

isolated optical environment for 64 standard 14-mL culture tubes. Described from

the bottom up, an aluminum base-plate is used to fasten the device to the platform

of a benchtop 37 °C shaking incubator (Thermo Fisher MaxQ4000). The next layer

is a custom-designed printed circuit board (fabricated by Pad2Pad) containing red

(Kingbright WP1503SRD), green (Kingbright WP7083ZGD), far-red (Epitex L740-

05AU) and blue (Vishay Semiconductors TLHB4400) LEDs, TLC5940 LED drivers

(Texas Instruments), connections for signal-carrying wires, and traces to carry the

electrical signals between the components. The LEDs are elevated by nylon standoffs

so that they can be positioned closer to the cultures tubes. A foam tube surrounds

each set of LEDs to optically isolate the wells. The next aluminum layer compresses

the foam tubes and serves as the top layer of the light-emitting section of the LTA.

These three layers are fixed by seven screws, which penetrate through holes placed

across their surfaces.

The next layer is a 1-inch-thick foam block with punched holes, allowing light to

pass up to the tubes above (Supplementary Figure 2.8). The thickness of this layer

can be used to control the spacing between the LEDs and the bottom of the tubes,

which can be used to modulate light intensity in the samples. The aluminum layer

resting above has holes precisely milled to 13.6 mm, a diameter slightly less than the

16-mm diameter of the culture tubes, ensuring that the tubes will stay in a fixed

position during shaking.

The remaining seven layers of 1-inch and 0.5-inch foam with holes punched through

serve as a tube rack (Supplementary Figure 2.8). These layers hold the tubes in place
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and further serve to optically isolate the light environments of the wells from one

another. The top layer is a 0.5-inch foam sheet without holes, used as a lid to block

ambient room light. All of the layers are held in place at the corners by 2-inch-wide

strips of 1/16-inch aluminum that have been bent lengthwise into a 90° angle.

Light intensity is controlled via a pulse width-modulated (PWM) signal generated

by the LED drivers, each of which can control 16 LEDs. The PWM signals have a

12-bit resolution (4,096 levels) and a full PWM cycle frequency of 500 Hz. To control

the 256 LEDs on the board, 16 TLC5940 devices are daisy chained. The signals

to control the TLC5940s are provided by an Arduino microcontroller board located

outside the incubator. A freely available, GPL-licensed library for the Arduino was

used to drive the TLC5940s (https://code.google.com/p/tlc5940arduino/, by

A. Leone). A wrapper was written for this library to enable simple commands to be

used to drive the LEDs in the LTA, requiring the user to specify only a row, column,

color and intensity.

2.5.3 Light intensity calibrations

LED intensity measurements are performed using a calibrated fiber-optic spectropho-

tometer (Stellar-Net EPP2000 UVN-SR-25). The fiber-optic sensor is placed into a

culture tube and placed level with the 1-mL marking on the tube. The fiber is held

in position inside the tube by foam stuffing. This tube-sensor is placed into each LTA

well, and the intensity of each LED is measured. The LED intensities are then cor-

rected to compensate for variations. A diffuser layer (Rosco, Roscolux #116 Tough

White Diffusion) is positioned just above the LEDs while the calibration measure-

ments are performed.

The maximum intensity levels of the red and green LEDs used in this study

https://code.google.com/p/tlc5940arduino/
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are 1.05 W/m2 and 4.03 W/m2, respectively (measured without diffuser). These

intensities are reached when the PWM value is set to its maximum of 4,095. If the

PWM value is set to 0, the LEDs emit no light. For intermediate PWM values, a linear

interpolation can be performed between the end points. The relationships between

green and red intensities measured in W/m2 (Ig,W/m2 and Ir,W/m2) and intensities

referenced by PWM value (Ig,PWM and Ir,PWM) are Ig,W/m2 = 9.841× 10−4Ig,PWM and

Ir,W/m2 = 2.563× 10−4Ir,PWM.

2.5.4 Optical control schemes

The control scheme chosen for the CcaS-CcaR system is to apply the maximum LTA

red intensity of 1.05 W/m2 and to control gene expression by modulating green inten-

sity between 0 and 4.03 W/m2. This results in a larger number of accessible analog

states and also faster response kinetics (Supplementary Section 2.6.3 and fig. 2.21).

For the Cph8-OmpR system, we chose to modulate expression via red light intensity

alone, which simplifies the control scheme (Supplementary Section 2.6.3).

2.5.5 E. coli growth, light exposure and harvesting protocol

The protocol is performed over two consecutive days.

1. Late in the day, start a 37 °C, shaking overnight culture from a -80 °C stock in

a tube containing 3 mL LB medium and the appropriate antibiotics (50 µg/mL

kanamycin, 100µg/mL spectinomycin and 34 µg/mL chloramphenicol for the

CcaS-CcaR system, and the same antibiotics plus 50µg/mL ampicillin for the

Cph8-OmpR system).

2. After the overnight culture has grown for 10-12 h, prepare 200 mL M9 medium
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(151.58 mL autoclaved, distilled H2O, 40 mL 5 M9 salts, 4 mL 10% casamino

acids, 4 mL 20% glucose, 400 L 1 M MgSO4, 20 L CaCl2). Add appropriate

antibiotics to medium. Shake/stir the container to ensure the antibiotics are

mixed well in the medium.

3. For dual-reporter inverter experiments, add anhydrotetracycline (aTc) to bring

the medium to a concentration of 40 ng/mL. (See Note 1 at the end of the

protocol.) Shake/stir the container to ensure the inducer is mixed well in the

medium.

4. Measure the OD600 of the overnight culture.

5. Dilute the overnight culture into the M9 + antibiotics, bringing the OD600 to

0.0001. (See Note 2 at the end of the protocol.) Shake/stir the container to

ensure the cells are mixed well in the medium.

6. Distribute 3 mL of inoculated medium into each of 64 BD Falcon round-bottom

14-mL polypropylene test tubes (BD Biosciences 352006).

7. Place tubes in the LTA and grow at 37 °C with shaking at 250 r.p.m. for 8 h.

Randomize the time points of the light program (Supplementary Section 2.6.3

and fig. 2.20) throughout the 8 8 array to avoid reproduction of systematic

errors due to slight variations in LED intensity. Randomize anew for each trial.

8. After 8 h of growth, harvest all test tubes by immediately transferring them

into an ice-water bath. Wait 10 min for the cultures to equilibrate to the cold

temperature and for gene expression to stop.

9. Approximately 1.5 h before stopping the experimental cultures, begin preparing

a solution of phosphate-buffered saline (PBS; 137 mm NaCl, 2.7 mm KCl, 10 mm
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Na2HPO4, 2 mm KH2PO4, pH to 7.4) + 500µg/mL of the transcription inhibitor

rifampicin (Rif, Tokyo Chemical Industry, R0079). Prepare at least 1 mL for

each culture to be measured via flow cytometry. Rif dissolves slowly, so allow at

least 45 min of stirring. Rif is light-sensitive, so keep it covered while dissolving.

Also at this time, begin preparing a 37 °C water bath.

10. Filter the dissolved solution of PBS + Rif through a 0.22 micron, 20 mL syringe

filter.

11. Transfer 1 mL of the filtered PBS + Rif into one 5-mL cytometer tube per LTA

culture sample, and chill tubes in a rack in an ice-water bath.

12. Transfer 50µL of each chilled culture from step 7 into the chilled PBS + Rif

solution.

13. Incubate the rack(s) of PBS + Rif + culture tubes in a 37 °C water bath for

1 h. Our measurements reveal that this allows sfGFP maturation to go to

completion (Supplementary Section 2.6.3).

14. Transfer the rack(s) back into ice-water bath.

15. Wait 15 min, and then begin measuring each tube on a flow cytometer.

Note 1. To achieve a high degree of repeatability in the concentration of aTc, we

created a master stock at 10,000× working concentration and divided this stock into

aliquots containing 10% more volume than is required for a single run into individual

tubes. These tubes were wrapped in foil and stored at -20 °C until use.

Note 2. The starting OD600 of 0.0001 was determined empirically to ensure that

the cultures remain in exponential phase (final OD600 is approximately 0.3) through-

out the 8-h growth experiment. For 12-h growth experiments, the starting density
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is decreased to 1× 10−6. Over this range, the starting density has no impact on the

response to light (Supplementary Figure 2.21). Additionally, we have observed that

increased expression of sfGFP results in a slight slowdown of growth (Supplementary

Figure 2.22), however we maintained the same inoculation density of cell cultures

regardless of the light conditions they experienced.

2.5.6 Flow cytometry data acquisition and analysis

Cytometry acquisition was performed using a BD FACScan flow cytometer with the

original laser system replaced by blue (488 nm, 30 mW) and yellow (561 nm, 50

mW) solid-state lasers (Cytek). The FL1 (sfGFP) acquisition channel emission filter

was also replaced with a 510/21-nm filter. The FL3 (mCherry) acquisition channel

emission filter (650 nm long pass) is original to the instrument. The cytometer is cali-

brated using Spherotech RCP-30-5A beads approximately once per week. Acquisition

is performed with typical count rates of 1,000-2,000 events/s. Approximately 50,000

events are stored for each sample. A SSC threshold is used to eliminate instrument

noise events that are clearly not due to cell scattering. The cytometer settings used

for the two light-switchable systems have been listed (Supplementary Table 2.7).

After acquisition, the raw cytometry data are processed using custom Python

scripts (Supplementary Software, available for download at from Nature Methods

version of this manuscript). First, the first 250 and last 100 events are removed

from the data set to avoid transient errors introduced owing to uneven pressurization

of the sample tube. Then the highest and lowest measured histogram channel for

each of the measured values (FSC, SSC, FL1 and FL3) are removed, as the events

in these channels have an undetermined fluorescence value. Then a small elliptical

gate centered at the median FSC and SSC values is used to isolate a uniformly sized
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population of cells. The elliptical gate was chosen to have a semi-major length of

64 channels and a semi-minor axis of 32 channels. The gate is tilted so that the

angle between the FSC and semi-major axes is 28°, to align with the observed cell

populations. The gating procedure leaves N = 2,000-5,000 events. Finally, a trim

is performed on FL1 to remove a small number of apparent non-cellular events. For

the CcaS-CcaR system, the gate is set to a channel value of 127, whereas for the

Cph8-OmpR system it is set to a value of 32.

The extracted data set is then used to calculate the statistics of the measured

FL1 distribution. However, before the sample statistics are calculated, the extracted

values are transformed from their measured log-scale channel units (10 bit, ranging

from 0 to 1,023) to linear-scale fluorescence units (ranging from 1 to 9,910) using

the transformation FL1LIN = 10(FL1LOG/256). The arithmetic mean of the resulting

histograms (Supplementary Figure 2.23) is the primary statistic of interest and is the

value used to represent the population mean of each tube throughout this work. Fi-

nally, the measured autofluorescence E. coli JT2 value of 9.583 a.u. is subtracted from

the Cph8-OmpR system means. This blanking procedure is not possible for the CcaS-

CcaR system, as the non-sfGFP-expressing cells were below the detection threshold

of the cytometer at the low-sensitivity FL1 gain setting used. Fluorescence measure-

ments of mCherry for the dual-reporter inverter system required compensation for

sfGFP emission bleed-through into the FL3 detector (Supplementary Section 2.6.3).

2.5.7 Scatter in the steady-state transfer function

We used the steady-state transfer characterization data to estimate the deviation

from the steady-state transfer function model (Supplementary Figures 2.9 and 2.11)

at different light input values. This measured scatter is used to assign uncertainties
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to individual data points in the model fitting process to reduce the possibility of

individual data points having a disproportionate impact on the error minimization

during the fit routine. To determine the scatter of the points around the fit as a

function of light intensity, we calculated a seven-point-wide moving s.d. across the

absolute value of the residuals to the transfer function fit of the data set. A second-

order polynomial fit is used to provide an empirical relation between the input light

intensity and observed sfGFP scatter (Supplementary Section 2.6.3).

2.5.8 Dynamical characterization and 2D ODE model

The observation of the three timescales in the step response motivated the construc-

tion of a two-dimensional ordinary differential equation (2D ODE) model:

dp

dt
= kp(Ig, Ir)× (c(t− τdelay)− p(t))

dg

dt
= kg × (p(t)− g(t))

p0 = g0 = c(t < τdelay) = cprecondition

The two dynamic variables in this model are the production rate of sfGFP, p(t),

and the sfGFP abundance, g(t). The dynamics of these two variables are determined

by three model parameters each corresponding to each of the observed timescales.

The time delay observed between a light input and a change in p(t) is given by τdelay,

the rate of change of the p(t) is given by kp, and the dilution rate of the cells which

governs the dynamics of g(t) is given by kg. For the CcaS-CcaR system, the kp

parameter exhibits a dependence on the controlling light intensities Ir and Ig, which

correspond to red and green light, respectively. The set point for the system c(t) is

determined by mapping the light intensities at time t−τdelay through the steady-state

transfer function.
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To further explain the model, it is illustrative to consider its response to a step

change in light intensity (Supplementary Figure 2.11). First, the system is precon-

ditioned to an initial set point cprecondition by the light intensities Ir,precondition and

Ig,precondition. Then, at time t = 0, the light input levels change to Ir and Ig. This

drives the set-point of the system c(Ir, Ig) to a new level that can be determined from

the steady-state transfer function (Supplementary Figures 2.9 and 2.11). The sfGFP

production rate p(t) of the light-induced promoter begins to respond to the new c

(after τdelay has elapsed) with first-order kinetics at a rate kp. We allow that kp itself

can depend on the light intensities Ir and Ig. The form of kp(Ir, Ig) was empirically

determined for each system. For Cph8-OmpR, kp is simply a constant, whereas for

the CcaS-CcaR system the functional form used is

kp(c) =


kp,o, for c < p0

kp,on, for c ≥ p0

kp,on(c) =


kp,l, for Ig < kp,k

kp,l + (kp,m − kp,l)
Ig(c)− kp,k
Ig,max − kp,k

, for Ig ≥ kp,k

This form results in a rate that depends upon the whether the transition produces

an increase or decrease in expression. For decreasing transitions, the rate is constant

at kp,o. For increasing transitions, the rate is given by kp,on, which is detailed in the

second equation. For kp,on, the rate is held constant at kp,l for Ig less than a threshold

intensity kp,k and increases linearly thereafter with intensity to a rate of kp,m when

the light is at maximum intensity.

Continuing with the step-change response, the sfGFP fluorescence g(t) follows the

production rate p(t) with first-order kinetics at a rate kg, and the system eventually

comes to equilibrium with g(t) = c(Ir, Ig). All model parameter fit values, standard
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errors and units for the CcaS-CcaR, Cph8-OmpR and CcaS-CcaR + inverter systems

have been listed (Supplementary Table 2.1).

2.5.9 Model fitting for CcaS-CcaR and Cph8-OmpR predictive models

We performed least-squares fitting with custom Python scripts (Supplementary Soft-

ware) that utilize routines from a freely available Python library (scipy.optimize.fmin).

The fits were performed against data from multiple runs consisting of both single and

multiple step functions to identify the optimal model parameter values for each sys-

tem. The fits were performed across all of the calibration data sets simultaneously,

using the scatter in the steady-state transfer function (Section 2.5.7) as an estimate

for the uncertainty in the population mean for each data point (Supplementary Fig-

ures 2.13 and 2.14 and table 2.1). The fitting procedure allowed different steady-state

a, b and τdelay values for each day, as we observed some day-to-day variation in these

parameters (Supplementary Section 2.6.3). The predictive model uses the mean of

these daily parameter fits. The remaining model parameters were fit globally to single

values for the calibration data set. The uncertainties for the a, b and τdelay parameters

for the CcaS-CcaR and Cph8-OmpR systems are the standard deviations of the daily

fits for each of these parameters. The uncertainties for the remaining parameters

are computed as standard errors from the diagonal elements of the covariance matrix

resulting from the fit.

2.5.10 Time-course simulations

To simulate the time-course responses of the light-switchable systems, we first calcu-

late an analytical solution to the 2D ODE model. If we use t′ = t − τdelay, we find
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that

p(t′) =


p0, for t′ < 0

c− (c− p0)e−kp(c)t
′
, for t′ ≥ 0

g(t′) =


g0, for t′ < 0

c− (c− g0)e−kgt
′ − (c− p0)

kg
kp(c)− kg

(e−kgt
′ − e−kp(c)t

′
), for t′ ≥ 0

The initial fluorescence and fluorescence production rate are given by g0 and p0

and are determined by the preconditioning light intensities. To simulate the response

of the system to a sequence of step changes in light, we stitch together a series of

individual step-change responses, evaluating each successive p0 and g0 at the point

where the system begins to respond to the new step change. Thus, if tstep is the time

at which a step function occurs, then we evaluate the new p0 and g0 at tstep + τdelay,

ensuring the stitched solution will be continuous.

We then perform 500 simulations with model parameters sampling the standard

error of the fit. The sampling is performed on a Gaussian distribution of the parameter

values with the mean set to the best-fit value and s.d. set to the standard error of the

fit. The interquartile range of the expression levels for each minute of the simulations

was used to determine the boundaries of the gray shaded envelopes in Figures 2.2

to 2.4. Model simulations are generated via custom Python scripts (Supplementary

Software).

2.5.11 Precomputation of light control sequences

The algorithm uses model simulations of the light-switchable systems to compute

a sequence of step changes in light intensity that will drive each system to follow a

desired reference trajectory (Supplementary Figure 2.16). The process is implemented
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using custom Python scripts (Supplementary Software). The algorithm accepts as

inputs a list of time points at which the step changes should occur, a list of intensities

allowed at each time point, the desired reference trajectory and an initial light control

program from which to optimize. Then an iterative procedure begins in which a

simulation of the response to the current set of light step changes is calculated from

the beginning of the first step change up to the end of the next step change plus a

user-defined extra time horizon. The integrated square error between this simulation

and the reference is then calculated over this same range. The algorithm then modifies

the intensity of the first step change and repeats the error calculation given the new

intensity. This process is repeated until the intensity that minimizes the error is

identified. The algorithm then moves on to the next step change and repeats this

intensity-optimization process.

After the intensities of all step changes have been optimized, the integrated square

error between the simulation and the reference is calculated for the entire time course.

Following this calculation, the algorithm repeats the entire process of optimizing the

intensity at each step change, using the previously computed series of step changes as

the initial input light sequence. After completing the procedure, the integrated error

is again calculated across the entire time course. This process continues repeating

until the difference between total integrated square errors for two successive runs is

less than 0.5%, or until a user-defined maximum number of iterations have occurred.

Typically, the error convergence threshold is satisfied after 3-5 iterations.

2.5.12 Error analysis and model validation

For function-generator experiments, r.m.s. errors (RMSEs) are calculated between

the experimental data and the reference signal as well as between the experimental
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data and the model simulations (Supplementary Section 2.6.3). For model validation

experiments, RMSEs are calculated between the experimental data and simulation.

RMSE values are reported as a percentage of the entire output range of the corre-

sponding light-switchable system, allowing better appreciation of the magnitude of

the error. RMSEs for all function-generator experiments have been calculated (Sup-

plementary Table 2.2).

2.5.13 Accession codes

Addgene: pJT119b plasmid expressing CcaS and CcaR with sfGFP under the PcpcG2

promoter, 50551; pCph8 plasmid expressing Cph8, 50552; pEO100c plasmid express-

ing sfGFP under the PompC promoter, 50550; pBL4 plasmid expressing CcaS and

CcaR with sfGFP-TetR under the PcpcG2 promoter, 50548; pBL6 plasmid expressing

mCherry under the PLtetO-1 promoter, 50549.
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2.6 Supplementary Information

2.6.1 Supplementary Figures

Figure 2.6 : Maps of plasmids used in this study.
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Figure 2.7 : Photograph of the LTA. The LTA is filled with tubes and programmed

to shine alternating columns of red and green light. The top two layers of foam have

been removed so that the tubes are visible. Edges of the foam layers as well as the

printed circuit board can be seen near the bottom of the image. Aluminum corner

braces can be seen at each corner of the image.
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Figure 2.8 : Cut-away side view schematic of the LTA. The aluminum corner piece

and screw, shown on the left, hold all of the layers in place. The TLC5940 LED

driver chips and foam-wrapped LED standoffs, which serve to insulate the light from

adjacent wells, are shown on the printed circuit board layer. Four additional tubes

extend to the right.
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Figure 2.9 : CcaS-CcaR steady-state transfer function. Cultures were grown in the

LTA under maximum red light with the indicated green intensities for 8 hours. (Top)

The resulting GFP expression data fit to a conventional activating Hill function.

(Bottom) The data fit to a Hill function plus an additional linear term. (Left) Full

range of green illumination using the LTA. (Right) Green illumination domain cov-

ering most of the GFP expression range. The “Activating Hill + Lin Fit” functional

form is shown as used in the predictive model of the CcaS-CcaR system, however the

parameter values aside from m are slightly different (Supplementary Table 2.1).
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Figure 2.10 : Red light competitively inhibits green light activation of the CcaS-CcaR

system. (Left) The green intensity required to induce half-maximum expression (k)

from the CcaS-CcaR system increases linearly with red light intensity. Red light

intensities in the legend have units of W/m2. Cultures were grown in the LTA for

eight hours using the indicated intensities, resulting in steady-state expression. Note

the red intensities shown here surpass the maximum level indicated in Section 2.5

because these data were taken with the foam spacer layer at 1/2” rather than 1”

thick (Supplementary Figure 2.8), allowing the LEDs to be closer to the cultures and

the light therefore more intense. These data are fit with activating Hill functions

(solid lines) without a linear term, as in Supplementary Figure 2.9. Fluorescence

units have been normalized to cells grown under max-red and max-green intensity

by calculating Fnorm = (Fi − Fred)/(Fgreen − Fred), where Fnorm is the normalized

fluorescence, Fi is the measured fluorescence of the ith sample, Fred is the measured

fluorescence of the red-exposed culture, and Fgreen is the measured fluorescence of the

green-exposed culture. (Right) The half-max activation intensity parameter k from

the Hill fits shown left. These data were collected in a single LTA run.
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Figure 2.11 : Cph8-OmpR steady-state transfer function. Cultures were grown in the

LTA under the indicated red light intensity for 8 hours. A repressing Hill function

is fit to the data. Left and right panels are as shown previously (Supplementary

Figure 2.9). The repressing Hill functional form was used in the predictive model

of the Cph8-OmpR system in this work, however the parameter values are slightly

different (Supplementary Table 2.1).
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Figure 2.12 : Analysis of dark-reversion timescales for both light-switchable systems.

The Cph8-OmpR system exhibits no discernible difference in a switch from maximum

red to maximum far-red versus dark, suggesting rapid dark-reversion of the Pfr form

of Cph8. The Cph8-OmpR data shown in this figure only has not been rifampicin

treated and incubated for GFP maturation as discussed in the growth protocol, and

thus has appears to have a longer initial delay. The dark reversion of the CcaS-

CcaR system is slow, suggesting that the Pr form of the CcaS phytochrome is far

more stable. Indeed, it is possible that the observed dark-reversion of the CcaS-CcaR

system is due almost entirely to the dilution of Pr-form CcaS by cell growth and

de novo production of Pg-form CcaS. The CcaS-CcaR data and the Cph8-OmpR

data were collected on different days. Normalization of fluorescence is as described

previously (Supplementary Figure 2.10).
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Figure 2.13: CcaS-CcaR step-change calibration data set. Cultures expressing

the CcaS-CcaR system were grown in the LTA and measured for GFP expression as

described in Section 2.5. Each row of plots comprises a single day of data collection.

The data (markers) shown for each plot are generated as a result of the input signal

(short dash), and the modeled fluorescence fit (solid line) is generated as described

in Section 2.5. Additionally, the sfGFP production rate p(t) generated by the model

is shown (long dash, Supplementary Figure 2.15). To account for LTA LED intensity

variability and other sources of systematic error, uncertainty estimates based on the

scatter profiles of the steady-state response of the CcaS-CcaR system (Supplementary

Section 2.6.3) were used to assign error bars (black) to the measured population

means. Over the first four days (top four rows), four single step-changes were used

each day. For the final four days (bottom four rows), programmed series of step-

changes were used. On the first day, cells were preconditioned in maximum green

light. At t = 0 the red LED was switched to maximal intensity, and the green LED

intensity was reduced. From left to right, the PWM values of the green LED were set

to 0, 90, 140, and 255. The set point (given by the light input) c (short dash) drives

the modeled GFP production rate (long dash), which is then followed by the modeled

GFP fluorescence value (solid). On day 2, the cells were preconditioned in maximum

red light with green PWM values of 90, 140, 255, and 1023. At time t = 0, the green

LED was turned off while the red LED was maintained at maximum intensity. On the

third day, the cells were preconditioned in maximum red with no green, and at t = 0

transitioned to green levels of 1023, 2047, 3071, and 4095 with the red unchanged. On

the fourth day, cells were preconditioned in maximum red with no green, and switched

to green values of 90, 115, 180, and 4095. For these four transitions, maximum red was

maintained for the first three green values, but was shut off for the 4095 transition.
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On the remaining four days, programmed sequences of light step-functions were used

which were programmed with a now-obsolete preliminary version of the model. Of

these days, the first two were accelerator trials driving expression to 20%, 40%, 60%,

and 80% of the maximum output expression value. The final two data sets are

complex waveforms, as in Figure 2.4 of the main text. The model description is given

in Section 2.5, and the least-squares fit parameters and standard errors resulting from

this calibration data have been summarized (Supplementary Table 2.1).



72

Figure 2.14 : Cph8-OmpR step-change calibration data set. Cultures were treated

and plots are organized as previously described (Supplementary Figure 2.13). On

the first day, cells were preconditioned in the dark, and at time t = 0 switched to

red PWM values of 511, 1023, 2047, and 4095. On the second day, cells were also

preconditioned in the dark, and transitioned to 31, 63, 127, and 255. On day 3, cells

were preconditioned in 4095 red light, and transitioned to 31, 62, 127, and 255. The

fourth day, cells were preconditioned in 511, and switched to 31, 63, 127, and 255. The

least squares fit parameters and their standard errors resulting from the calibration

data and used for the biological function generator are available (Supplementary

Table 2.1).
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Figure 2.15 : Step-change model of gene expression dynamics. In this example, the

CcaS-CcaR strain is preconditioned under maximum red light and allowed to come

to the low gene expression steady state (cprecondition = 17 a.u.). At t = 0 min., the

green light intensity is increased to 0.13 W/m2, changing the light set-point c (short-

dashed line) to 44 a.u. After a delay, the sfGFP production rate p(t) (long-dashed

line) begins to increase, and this is followed by the GFP fluorescence g(t) (solid

line). Green dots represent experimentally measured GFP values. The 2D ODEs,

their analytical solution to a step-change input, and parameters used to model these

transitions are discussed in Section 2.5. The parameters and standard errors are

summarized (Supplementary Table 2.1). The value of c is calculated by converting

input light intensities into GFP units using the steady-state transfer functional form

for each sensor (Supplementary Figures 2.9 and 2.11) using the model fit parameters

(Supplementary Table 2.1).
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Figure 2.16: Flow diagram of the precomputation of light control sequences. The

light-program pre-computation algorithm (Section 2.5) takes as an input a reference

(i.e. desired gene expression output time-course). Furthermore, the time-points (but

not the intensities) at which the step-changes in light will occur are preconfigured.

The algorithm then performs an optimization routine on the light intensities for each

of these time-points with the goal of generating a series of step-changes that pro-

duce a model simulation which matches the reference as closely as possible. The

algorithm begins by initializing a default candidate light sequence (namely, a con-

stant intensity signal that drives gene expression to 50% output). The program then

begins to iterate through the intensities in the step-change series (working forward

through time), performing an optimization on the intensity of each step-change in

which the integrated square-error between the reference and a simulation of the out-

put is minimized. The simulation is performed using the predictive model of the

system (Section 2.5). The time-range used for the simulation and error computation

at each time point is limited to the locally-affected range of the simulation, beginning

at the time point corresponding to the beginning of the step-change being modified

and ending at the end of the following step change plus a user-configurable time-

horizon (time horizons between 20-40 minutes were used for all predictions). After

the intensity at each step-change has been optimized, a candidate light sequence has

been produced. This entire sequence is used to simulate the gene expression time

course using the predictive model of the system, and an integrated least-square er-

ror is computed between the simulation and the reference signal. The process then
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begins anew the optimization of the intensity of each step-change, however the candi-

date light sequence utilized is now the result of the last round of optimization. After

the intensity at each step-change has been optimized, the error is calculated again

between the complete simulation and reference. If the difference between this error

and the previous error is less than or equal to 0.1% of the current error, the algorithm

has finished and the current candidate light sequence is the final pre-computed light

program to be used. If the change in error is not sufficiently small, the algorithm has

not yet sufficiently converged to a finished light sequence and will perform another

round of optimization.
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Figure 2.17 : Additional gene expression transition accelerator trials for the CcaS-

CcaR system. The experimental data from accelerated (light green) versus non-

accelerated (dark green) transitions for single-day experiments are shown. The model-

predicted trajectory of the light green data is shown by the shaded area, and c(t) is

shown by the dashed lines. Transitions from off-to-on go to final expression levels

of 15%, 30%, 45%, 60%, 75%, and 90% of the maximal output, whereas on-to-off

transitions go to 85%, 70%, 55%, 40%, 25%, and 10% maximal.
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Figure 2.18 : Additional gene expression transition linearization trials for the CcaS-

CcaR system. The experimental data from linear (green) transitions are shown. Data

within each plot were collected on the same day. The model-predicted trajectories of

the transitions are shown by the shaded area, and the reference trajectories are shown

by the black lines. Transitions are programmed to begin at either maximum or mini-

mum levels of expression and perform a full transition in 90 minutes (lightest green),

180 minutes (light green), 360 minutes (dark green), or 720 minutes (darkest green).

For some of the faster linear transitions, it can be seen that the cell populations are

unable to achieve high rates of change of protein concentration over the entire out-

put range. These fast linear transition reference signals were chosen to challenge the

dynamics of the system by requiring faster transitions that can be produced even by

maximally activating or deactivating the CcaS-CcaR system. It can be seen however

that our gene expression model accurately predicts the limitations of the transition

rates of the system, as the predicted output closely matches the observed data.
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Figure 2.19 : Comparison of staggered start and single culture kinetic sampling. The

response of CcaS-CcaR expressing cells to a step change in light is shown for cultures

grown using two different approaches. The cells were preconditioned in maximum red

light and allowed to reach steady-state before a switch to maximum green at time

t = 0 min (the red light was shut off). The green dots represent expression data for a

culture split into 15 tubes and grown in the LTA using the staggered-start approach

(Supplementary Section 2.6.3). The red dots represent a culture grown in a flask

inside a darkened aluminum can with programmable red and green LEDs attached

to the interior of the lid. This single culture was sampled at 20-minute intervals by

opening the can and sampling the culture in a dark room. The measurements shown

were taken on different days. Fold induction reports the ratio of each measured value

to the time t = 0 min. value.
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Figure 2.20
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Figure 2.20 : Representative flow cytometry histograms from the main text. Single-

cell populations acquired via flow cytometry for both the CcaS-CcaR (left) and Cph8-

OmpR (right) systems are shown. (Top row) Histograms from the steady state trans-

fer functions (Supplementary Figures 2.9 and 2.11). Light intensities are indicated

on the plot. (Rows 2,3) Histograms from data presented in the main text (Fig-

ure 2.2C,D), with the time post-induction shown. The second row corresponds to the

maximum-intensity step function transitions. At time t = 0 min., the green light is

switched from 0 to 4.03 W/m2 (left), and the red light is switched from 0 to 1.05 W/m2

(right). The third row shows data from the other set of traces in (Figure 2.2C,D)

- namely the transitions from 0 to 0.130 W/m2 green (left) and from 0 to 0.0243

W/m2 red (right). The fourth row shows data from the complex waveform programs

(Figure 2.4E,F). The time points shown correspond to the initial expression level, the

hold after the first upward ramp, the hold after the downward ramp, the bottom of

the trough of the sine wave, and the top of the peak of the sine wave. For presenta-

tion in this figure, these histograms were smoothed using a kernel density estimation

routine with a Gaussian kernel and were normalized to the number of counts in order

to increase visibility of the relative widths of the measured population distributions.
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Figure 2.21 : The rate of change of sfGFP production rate (kp) of the CcaS-CcaR

system is proportional to red light intensity. These data are generated from fits to

step-function inductions from cultures grown in the LTA preconditioned under maxi-

mum red light intensity and then induced. The induction step used sub-maximum red

light levels (indicated on the horizontal axis) and the corresponding green intensity

needed to drive the output to half-maximum levels, according to the sub-maximum

red-light intensity fits (Supplementary Figure 2.10). The induction time-courses were

then fit to the model, with kp as a free parameter. The dependence of kp upon the red

intensity is fit with an activating Hill function using the indicated parameters (black

line).
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Figure 2.22
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Figure 2.22 : Dependence of cell growth rate on sfGFP induction level. We observe

that cell populations containing the CcaS-CcaR system grown under increasing green

light intensities exhibit a small slowdown in growth. To investigate this behavior, we

grew eight cultures for 10 hours in the LTA under a range of green light intensities.

The initial inoculation density used was OD600 = 2× 10−4. The final culture densi-

ties were measured and the doubling times calculated assuming exponential growth

throughout the entire experiment. We observed up to a 12.6% reduction in growth

rate in cells grown in green versus red light (top left). Green light itself is not causing

the growth slowdown however, as the light input range in which the growth slowdown

is observed corresponds closely with the range in which increased sfGFP expression

is observed (top right). The GFP fluorescence predicted for these cultures from the

steady-state relation used for the CcaS-CcaR dynamic model was used to map green

intensity to GFP fluorescence, showing the relationship between GFP fluorescence

and doubling time (bottom).
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Figure 2.23 : Comparison of light inductions in cultures with different inoculation

densities. The response of cells expressing the CcaS-CcaR system is shown for two

different inoculation densities of the starter culture. Dilutions were performed to set

initial densities to OD600 values of 1× 10−4 (green dots) and 1× 10−5 (red dots),

with both sets of data collected in the LTA using the staggered-start approach (Sup-

plementary Section 2.6.3). The cells were preconditioned in maximum red light, and

at time t = 0 min. the red light was turned off and the green light was maximally

activated. The final measured densities are indicated. Fold inductions are reported

as described previously (Supplementary Figure 2.19).
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2.6.2 Supplementary Tables

Parameter Best fit value Fit standard error Units

C
ca

S
-C

ca
R

S
y
st

em

kg 0.0174 0.0007 min−1

kp,l 0.0272 0.0057 min−1

kp,k 0.169 0.012 W/m2

kp,m 0.993 0.314 min−1

kp,o 0.07 0.01 min−1

τdelay 4.6 0.82* min

b 16.9 0.8* a.u.

a 55.1 3.6* a.u.

n 2.76 0.4

k 0.13 0.003 W/m2

C
p

h
8-

O
m

p
R

S
y
st

em

kg 0.0203 0.0005 min−1

kp 0.177 0.018 min−1

b 12.5 1.2* a.u.

a 85.9 8.3* a.u.

n 1.39 0.11

k 0.0243 0.0026 W/m2

D
u

al
-r

ep
or

te
r

S
y
st

em kg 0.0127 0.0007 min−1

b 20.2 1 a.u.

a 69.7 3 a.u.

n 2.82 0.28

k 0.133 0.006 W/m2

Table 2.1 : Least-square fit parameters and standard errors for the CcaS-CcaR, Cph8-

OmpR, and CcaS-CcaR dual-reporter inverter circuit predictive models. *These pa-

rameter uncertainties were calculated as the standard deviation of the daily fit values

for these parameters (Section 2.5).
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PROGRAM RD RG

RMSEP RMSER RMSEP RMSER

Valid1 0.105505 0.033606

Valid2 0.077067 0.04713

Valid3 0.110242 0.086939

Accel1 0.2 0.07911 0.103632 0.057713 0.086769

Accel1 0.4 0.064009 0.163111 0.055831 0.154811

Accel1 0.6 0.08055 0.2718 0.070902 0.245554

Accel1 0.8 0.116633 0.389132 0.089665 0.356274

Accel2 0.2 0.072278 0.100467 0.018706 0.061088

Accel2 0.4 0.075505 0.1625 0.046571 0.140828

Accel2 0.6 0.085974 0.270756 0.047341 0.221213

Accel2 0.8 0.08205 0.389995 0.037547 0.310203

Accel3 0.2 0.064127 0.089382 0.036567 0.061329

Accel3 0.4 0.072736 0.159056 0.08252 0.142402

Accel3 0.6 0.067869 0.250198 0.093782 0.211374

Accel3 0.8 0.068378 0.376293 0.09654 0.281047

Linear1 0.2 0.035364 0.035475 0.037117 0.039075

Linear1 0.4 0.046369 0.049018 0.024113 0.027977

Linear1 0.6 0.048908 0.048581 0.032375 0.038619

Linear1 0.8 0.06007 0.062133 0.04434 0.051951

Linear2 0.2 0.044404 0.044363 0.021815 0.023344

Linear2 0.4 0.047332 0.050511 0.017213 0.02034

Linear2 0.6 0.060527 0.063268 0.027735 0.030281
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Linear2 0.8 0.046675 0.044825 0.027225 0.033261

Linear3 0.2 0.045732 0.047402 0.017621 0.019642

Linear3 0.4 0.072551 0.07641 0.012232 0.013325

Linear3 0.6 0.072428 0.07992 0.032825 0.029431

Linear3 0.8 0.071272 0.077151 0.033004 0.02821

Sine1 0.054189 0.058494 0.03165 0.03927

Sine2 0.051764 0.054127 0.049375 0.054283

Sine3 0.120386 0.123322 0.031122 0.039547

Arb1 0.049942 0.049051 0.06973 0.069779

Arb2 0.064701 0.062464 0.039964 0.040589

Arb3 0.066428 0.066308 0.033267 0.034359

AccelOn 0.15 0.047954 0.115522

AccelOn 0.30 0.037417 0.392761

AccelOn 0.45 0.037245 0.208709

AccelOn 0.60 0.040026 0.258086

AccelOn 0.75 0.060924 0.388697

AccelOn 0.90 0.0732 0.285693

AccelOff 0.85 0.051284 0.711942

AccelOff 0.70 0.063125 0.23201

AccelOff 0.55 0.156556 0.625518

AccelOff 0.40 0.135666 0.265173

AccelOff 0.25 0.039284 0.435997

AccelOff 0.10 0.030455 0.344276

LinearOn 90 0.051043 0.120919
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LinearOn 180 0.054323 0.069231

LinearOn 360 0.038278 0.041883

LinearOn 720 0.030584 0.030895

LinearOff 90 0.043742 0.139293

LinearOff 180 0.048872 0.051948

LinearOff 360 0.051783 0.049523

LinearOff 720 0.057999 0.058762

Table 2.2 : Root-mean-square errors (RMSEs) for all function generator runs. The

‘RG’ label indicates the red/green (CcaS-CcaR) system, while the ‘RD’ label indicates

the red/dark (Cph8-OmpR) system. The ‘RMSEP’ column represents the calculated

RMSEs between the data and the prediction, while the ‘RMSER’ is between the data

and the reference. The labels for the different programmed runs are separated into a

name and a number indicating the trial number. Additionally the linear and acceler-

ator runs have a separate number indicating the final normalized output expression

level that the transition was programmed to achieve. ‘Valid’ indicates the validation

runs (Figure 2.2E,F). The ‘Accel’ and ‘Linear’ labels are for the accelerated and lin-

earized transitions (Figure 2.2B,E), while the ‘Sine’ and ‘Arb’ labels are for the sine

and arbitrary waveform signals (Figure 2.4B,C,E,F). The ‘AccelOn’ and ‘AccelOff’

labels correspond to the accelerated transition data (Supplementary Figure 2.17) with

the suffixed numbers indicating the reference expression level as a percent of the out-

put range. Finally, the ‘LinearOn’ and ‘LinearOff’ labels were used for the linearized

transition data (Supplementary Figure 2.18), with the suffixed numbers denoting the

time in minutes of the reference linear ramp.
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Simulation Data

Transition τstep τaccel Reduction τstep τaccel Reduction

0 - 0.15 190 15 92.10% 135 30 77.80%

0 - 0.30 190 23 87.90% 150 30 80.00%

0 - 0.45 190 36 81.10% 240 40 83.30%

0 - 0.60 190 51 73.20% 165 60 63.60%

0 - 0.75 170 71 58.20% 180 70 61.10%

0 - 0.90 149 102 31.50% 150 120 20.00%

1.0 - 0.85 154 27 82.50% 90 100 -11.10%

1.0 - 0.70 154 37 76.00% 105 40 61.90%

1.0 - 0.55 154 51 66.90% 150 50 66.70%

1.0 - 0.40 154 65 57.80% 165 70 57.60%

1.0 - 0.25 154 85 44.80% 180 90 50.00%

1.0 - 0.10 154 118 23.40% 165 120 27.30%

Table 2.3 : Comparison of simulated and observed time scales for accelerated (τaccel)

and non-accelerated, single step-change (τstep) transitions (Supplementary Fig. 12).

Transition times are defined as the time required to reach 90% of the new steady state,

and are shown in minutes. The reductions are calculated as 100%∗(τstep−τaccel)/τstep,

and indicate the percent reduction in time required to complete the transition when

using the accelerating light input versus a single step-change in light.
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GFP (a.u.)
aTc (ng/mL)

0 7 15 30 40 50 60 100

G
re

en
in

te
n
si

ty
(P

W
M

)

0 13.21 14.36 14.77 14.87 14.45 15.61 14.64 15.46

50 18.81 19.11 19.41 21.22 19.22 19.83 19.19 20.43

100 33.45 37 33.16 35.41 27.02 33.23 26.77 34.6

150 54.44 54.17 55.22 53.58 53.06 56.03 49.3 45.04

200 63.24 68.56 60.34 62.65 58.02 63.53 61.82 57.3

250 64.5 70.22 69.61 67.48 65.45 68.58 68.18 65.33

500 71.69 76.35 75.9 78.33 76.44 80.76 74.2 75.71

4095 78.64 81.25 81.04 86.11 79.66 83.66 80.85 79.48

mCh. (a.u.)
aTc (ng/mL)

0 7 15 30 40 50 60 100

G
re

en
in

te
n
si

ty
(P

W
M

)

0 10.88 29.12 243.5 289.38 309.22 347.55 351.45 295.11

50 9.52 21.71 144.77 281.6 296.95 326.75 342.79 326.69

100 12.31 9.21 86.27 213.39 243.81 289.68 288.28 271.93

150 15.04 12.79 24.68 131.81 161.62 203.63 271.09 308.68

200 21 18.8 39.06 87.92 130.63 164.44 206.72 236.07

250 21.16 14.37 21.22 129.51 104.32 135.79 200.46 240.82

500 13.99 13.3 14.67 95.25 79.78 101.34 180.85 230.2

4095 14.06 13.6 8.58 28.2 69.42 94.61 169.64 239.48

Table 2.4 : Raw data for the aTc concentration calibration
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Program Name RGTetSine1 RGTetSine2

Reporter sfGFP mCherry sfGFP mCherry

Value S.E. Value S.E. Value S.E. Value S.E.

a 13.8094 0.51525 -36.3319 1.72284 13.34554 0.53418 -39.9517 2.9551

b 53.05182 0.40704 184.501 1.23933 55.63288 0.50244 177.335 2.12763

T 174.4427 2.79225 176.531 3.09361 351.4067 6.51058 357.466 9.05267

τ 11.11966 3.5322 18.0942 4.05109 16.7608 6.22629 24.7795 10.8061

Program Name RGTetLinear1 RGTetLinear2

Reporter sfGFP mCherry sfGFP mCherry

Value S.E. Value S.E. Value S.E. Value S.E.

b 16.59906 0.21868 307.085 2.12021 16.44473 0.36875 312.869 3.44011

m 0.070078 0.0024 -0.31142 0.018 0.117817 0.00326 -0.51602 0.02779

Program Name RGTetLinear3 RGTetLinear4

Reporter sfGFP mCherry sfGFP mCherry

Value S.E. Value S.E. Value S.E. Value S.E.

b 16.59906 0.21868 307.085 2.12021 16.44473 0.36875 312.869 3.44011

m 0.070078 0.0024 -0.31142 0.018 0.117817 0.00326 -0.51602 0.02779

Program Name RGTetSteadyState

Value S.E.

b 398.2359 3.774777

m -3.35429 0.05663

Table 2.5 : Least-square fit parameters for the dual-reporter data shown in Fig-

ure 2.5B-D. The fitting algorithm, functional forms, and parameter descriptions are

available (Supplementary Section 2.6.3).
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Plasmid Primer name Used for Dir Assembly technique

pEO100b EO20 Amplification of sfgfp from pJT119b F Gibson

pEO100b EO21 Amplification of sfgfp from pJT119b R Gibson

pEO100b EO22 Amplification of backbone from pJT108 F Gibson

pEO100b EO23 Amplification of backbone from pJT108 R Gibson

pEO100c EO27 Amplification of megaprimer from pEO100b F MEGAWHOP

pEO100c G00101 Amplification of megaprimer from pEO100b R MEGAWHOP

pBL4 BL8 Amplification of backbone form pTJ119b F Golden Gate

pBL4 BL9 Amplification of backbone form pTJ119b R Golden Gate

pBL4 BL12 Amplification of tetR F Golden Gate

pBL4 BL13 Amplification of tetR R Golden Gate

pBL6 BL16 Amplification of pEO100c backbone F Golden Gate

pBL6 BL15 Amplification of pEO100c backbone R Golden Gate

pBL6 BL3 Amplification of PLtetO-1 F Golden Gate

pBL6 BL17 Amplification of PLtetO-1 R Golden Gate

Table 2.6 : Primers used in this study.

Setting / Strain CcaS-CcaR Cph8-OmpR CcaS-CcaR Dual-reporter

FSC E02 E02 E01

SSC 750 750 600

FL1 400 900 400

FL3 Not used Not used 999

SSC-Threshold 600 600 600

Table 2.7 : Cytometer settings used for acquisition of fluorescence data from light-

switchable TCSs.
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2.6.3 Supplementary Notes

Staggered-start light induction procedure for high-resolution time-sampling

The LTA can be used for the acquisition of time-resolved kinetic data using staggered-

start induction. This method allows 64 tubes to be added to and removed from the

LTA at the same time, easing handling and decreasing experimental error. Using

staggered-start, all tubes are preconditioned to the same starting state, and then

each tube is treated with an identical light sequence after different delay. In this

manner, when the tubes are stopped simultaneously, each will have been treated with

the same light program for a different duration.

Two considerations when using this approach are that (1) different kinetic time

points do not come from a single culture, and that (2) two sister cultures will be at

different densities during the same part of the light program. We have analyzed light

induction kinetics by from a single flask-grown culture, and found that the response

is very similar (Supplementary Figure 2.19). Furthermore, we performed the same

light induction in the LTA using two cultures with 10-fold different optical densities,

and found the dependence of the kinetic response on culture density to be minimal

(Supplementary Figure 2.22).

The primary disadvantage to collecting different time points from different cultures

for a single kinetic run is that any well-to-well or culture-to-culture variations (e.g.

slight LED intensity variation between two wells) will increase the time-point to

time-point variation in our data. However, the advantages of using the LTA over a

single culture approach are that far more data can be collected, and that the time-

resolution of the measurements can be controlled very precisely. Furthermore, flow

cytometry measurements made on single cultures require repeated sampling, which
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requires interrupting the shaking and heating processes, affecting growth rate.

Rifampicin treatment and maturation of sfGFP

The use of fluorescent protein reporters in dynamic measurements is made difficult

by the need for fluorophore maturation. The maturation process results in a de-

layed measurement of the real fluorescent protein concentration in the cell, as newly

produced proteins will not exhibit a fluorescent signature until the maturation has

completed. The protocol we used for our experiments (Section 2.5) include an extra

incubation step after the cultures have been removed from the light induction appa-

ratus which enables the fluorophore to mature. The difficulty in allowing this extra

incubation is that we would like to ensure that the fluorescent protein concentration

in each cell remains as constant as possible during the incubation, so both production

and dilution of the reporter should be halted.

Our harvesting procedure first calls for a rapid chilling of the cells in an ice-water

bath. This temperature drop should halt both cell growth (i.e. dilution) and produc-

tion. Then, the culture is placed in a PBS solution with a high concentration of the

transcription inhibitor rifampicin. Note that ideally the culture would be exposed to

a translational inhibitor, such as kanamycin, as it would ensure that no new proteins

are produced from the remaining sfGFP transcripts in the cell, however our observa-

tion was that kanamycin significantly altered the population distribution of the cells

(single-mode fluorescence histograms would become multi-peaked and spread across

the entire measurement range). The use of transcription or translational inhibitors

ensures that the production of new sfGFP during the following 37 °C incubation will

be as limited as possible. During the incubation, the fluorophores of newly-produced

sfGFP proteins are allowed to mature, so that the following measurement will not



97

include the maturation time delay.

We performed a calibration of our protocol with the following experiment: Four

identical cultures of cells containing the CcaS-CcaR system were prepared and grown

in the LTA following a red-to-green staggered-start light induction protocol (Sup-

plementary Section 2.6.3). This eight-hour protocol contained an initial five-hour

preconditioning in red light before the first culture switched to green. At the end

of the growth in the LTA, the tubes had been exposed to green light for t = 0 min,

20 min, 60 min, and 180 min. These cultures were then iced and placed in PBS

+ 0.5 mg/mL rifampicin, following our standard growth protocol. Then, a second

time-course began in which the PBS tubes were placed in a 37 °C water bath and

measured via flow-cytometry at 5-15 minute time intervals (top).

The resulting dynamics indicate that at low initial concentrations of sfGFP (such

as t = 20 min) one can expect to see a significant increase in fluorescence after

rifampicin treatment. However, for higher concentrations (such as t = 180 min) an

initial dip in fluorescence is observed that counteracts the following increase. We

speculate that the initial dip is actually present in each of the traces and is due to

division of cells that were approaching division as the cultures were harvested from

the LTA. However, the dip may be hidden for the earlier time points because there is

such a large amount of sfGFP which is maturing relative to that which has already

matured (i.e. the dip is counteracted).

From this calibration, we chose to run our rifampicin incubations for 60 minutes,

as it appears at that point the increase in fluorescence signal has ended*.
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The results of using the rifampicin treatment for an entire light-induction exper-

iment* following the same LTA program with higher time resolution (below) indeed

show a reduced delay before fluorescence is observed after the light induction has be-

gun. These data indicate that the rifampicin treatment is enabling the maturation of

sfGFP and that the measurements utilizing the treatment are an improved indicator

of the cellular sfGFP concentration at the time the cells were harvested.
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*Note that these experiments utilized a higher FL1 gain setting than what is

shown in Supplementary Table 1 and thus have a different fluorescence scale than

other data.

Design of the light control scheme for each sensor

In the CcaS-CcaR system, we observe that red light serves as a competitive inhibitor

to the activating green light (Supplementary Figure 2.10). The green LEDs used in

the LTA are very bright relative to the range over which the CcaS-CcaR system is

sensitive (Supplementary Figure 2.9). Therefore, we use red light to reduce sensitivity

to green, in order to access a wider range of green intensities. The use of more green

intensities allows us to drive the system to a larger number of different expression

levels (Supplementary Figure 2.10). Additionally, we observe that red light results

in faster green light-induced kinetics for the CcaS-CcaR system (Supplementary Fig-
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ure 2.21). Both the decreased sensitivity and improved kinetics drove our decision to

use maximal levels of the inhibiting light.

For the Cph8-OmpR system, we observe minimal difference between activation

via far red light vs. darkness. In particular, the kinetics of red-to-far-red transitions

match the kinetics of red-to-dark transitions (Supplementary Figure 2.12). This sug-

gests that the Pfr form of Cph8 rapidly reverts to the Pr form after red light is turned

off. By contrast, the Pr form of CcaS-CcaR appears dark-stable on a timescale of

at least hours (Supplementary Figure 2.12). For this reason, we choose to control

Cph8-OmpR with red intensity alone.

Quantifying gene expression response acceleration

A series of programmed LTA runs were performed in which the goal was to accelerate

both OFF-to-ON and ON-to-OFF analog transitions, and compare to the same tran-

sition driven by only a single step-change in light (Figure 2.3A,B and Figure 2.17). To

quantify the degree of acceleration, we define the transition timescale τ as the time

required for the gene expression to reach 90% of the way to the new steady state. We

computed a fit of our model to the data using only a and b as free parameters. Using

these values, we calculated the initial and final fluorescence levels for each accelerated

transition. To determine the 90% transition times, we identified the first data point

that crossed the 90% threshold for both the accelerated and non-accelerated (step

change) data (Supplementary Table 2.3). We further calculated the expected 90%

transition time using the system model to simulate the same transitions.
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Recalibration of CcaS-CcaR dynamic model for the dual-reporter inverter

circuit characterization

To determine whether the plasmid modifications required for the addition of the

TetR/PLtetO-1 circuit imposed any changes on the CcaS-CcaR predictive dynamic

model of sfGFP concentration (Section 2.5 and Supplementary Table 2.1), we col-

lected a dataset in which we attempted to drive the new system with the same input

signal used by the original system for the generation of an arbitrary waveform (Fig-

ure 2.4D,E). We hypothesized that the dynamics of the system might be altered as

the growth rates of our cell cultures containing the dual-reporter inverter circuit were

less than those measured by the original CcaS-CcaR system. To test this hypothesis,

we re-fit our dynamic model to this dataset, allowing only the growth rate parameter,

kg, to vary. The figures below both show this data (markers) alongside the reference

(black) and light inputs (dashed). However, the model simulations (grey) for the left

figure are performed using the original CcaS-CcaR dynamic model, while the figure

on the right shows simulations for the model with the modified kg parameter. The kg

parameters used in each case are indicated.

Additionally, the steady-state green light-sfGFP response was updated using the
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dual-reporter system plasmids (Figure 2.5B) which is reproduced below with sfGFP

dependence on light intensity made explicit. The steady-state input-output Hill func-

tion and parameters used for prediction are also shown below.

Steady-state characterization of dual-reporter inverter circuit response to

anhydrotetracycline (aTc) concentration

Anhydrotetracycline, which binds to TetR and inhibits DNA binding, was used to

fine-tune the interface between the function generator output concentrations of TetR

and the effective TetR levels required to regulate the PLtetO-1 promoter. An eight-

hour calibration experiment was performed in the LTA to identify an appropriate aTc

concentration to use for the inverter experiments wherein cell cultures inoculated with

eight different aTc levels were each split into eight tubes which were grown under

different levels of function-generator-induced TetR (below). Raw data is available

(Supplementary Table 2.4). Increasing TetR levels were generated in the same manner

as the steady-state input-output experiments (i.e. by holding red light at max while
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increasing the green intensity from well-to-well).

Least-square fits of the dual-reporter inverter circuit data

Least-square fits of the sinusoidal and linearized data (Figure 2.5B-D) were performed

using the lmfit v0.7.2 Python library using the default Levenberg-Marquardt fit. The

sine data were fit for time points greater than and equal to 120 minutes, while the

linearized dynamics data were fit to data greater than or equal to 24 minutes. The

steady-state fit included all data points.The functional form used for the sine data

fits was:

F (t) = b+ a× sin(2 ∗ π ∗ (t− τ)/T ),

where F (t) is the fluorescence (a.u.), b is the fluorescence offset (a.u.), a is the

amplitude (a.u.), T is the period (min), and τ is the time offset versus the reference
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signal (min). Likewise, the functional form used for the linear fits was:

F (t) = m× t+ b,

where for the linearized dynamics, m is the slope (a.u. / min) and b is the

fluorescence value at time t = 0 (a.u) while for the steady-state data, m is the slope

(mCherry a.u. / sfGFP a.u.) and b is the extrapolated mCherry fluorescence value

(mCherry a.u.) at sfGFP = 0. The resulting fit parameters and standard errors are

available (Supplementary Table 2.5).

Comments on the observed discrepancy between sfGFP prediction and

measured response for linearized inverter circuit data

We observed that there was a more significant discrepancy in the prediction of the

linearized dynamics for the inverter circuit (Figure 2.5D) than there was for either the

sinusoid inverter dynamics (Figure 2.5C) or the single-reporter CcaS-CcaR linearized

dynamics (Figure 2.3E). The difference was measured in each of the three replicates

of the dual-system linearizer dynamics, but was not present in any of the sinusoidal

dynamic trials. This strongly suggests but does not necessarily prove that there is a

systematic effect unaccounted for by our dynamic model of this system. Our analysis

indicates that the difference between the reference/prediction and the measured data

can be accounted for by adjustment of the steady-state parameters alone, with no

change necessary in the model parameters accounting for the dynamics of the CcaS-

CcaR system. In fact, it appears that if we were to be using the single-reporter

CcaS-CcaR system steady-state relation to predict the dual-system dynamics, the

prediction would be much more accurate (below). At this time, we have not identified

the cause of this discrepancy, however we speculate that there may be an internal
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feedback mechanism arising in the construction of pJT119b (and pBL4) in which

transcription resulting from the PcpcG2 promoter may read-through beyond sfGFP

(and TetR) and lead to light-induced expression of the CcaS phytochrome.

Fluorescence compensation for the dual-reporter inverter circuit charac-

terization

A significant amount of signal bleedthrough in our dual-channel fluorescence mea-

surements using the flow cytometer was expected considering the long emission tail

of sfGFP and the high sfGFP and low mCherry expression levels we observed. To

test this hypothesis, a control strain lacking pBL6 (i.e. lacking mCherry expression)

was induced using increasing levels of green light following our 8-hour protocol. The

steady-state sfGFP induction (left) and correlation between the FL1 and FL3 chan-

nels was observed (right). As expected, a strong positive linear correlation between

the measurements between the FL1 and FL3 channels was observed. This observed

linear relationship was thus used to compensate the FL3 population mean in all dual-
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reporter measurements using the following formula:

FmCherry = FL3mean − 2.2196× FL1mean − 66.37

Scatter profiles observed in the steady state data

We observe that data points in the intermediate regions of the steady state transfer

function tend to be more variable (Supplementary Figures 2.9 and 2.11). It is therefore

more difficult to drive cultures to precise expression levels in those ranges. It is likely

that the increased scatter is a result of the greater sensitivity (i.e. slope) of the transfer

function in this range to small variabilities in input (e.g. LED miscalibrations).

In the plots below, the steady-state transfer function measurements for the CcaS-

CcaR (Supplementary Figure 2.9) and Cph8-OmpR (Supplementary Figure 2.11)

systems are used to estimate the uncertainty in the measured mean expression values

as a function of expression level and light intensity. The observed scatter of the data

around the transfer function fit is calculated by evaluating a 7-point-wide moving

standard deviation across the absolute values of the residuals of each transfer function.

A fit is performed to the resulting ‘scatter-profile’ of each transfer function using a 2nd



107

order polynomial. These data allow estimation of the uncertainty in the measured

means of each system as a function of expression level or light intensity, which is used

in the predictive model.

Day-to-day variation in the gene expression background and range

We observe some day-to-day variation in certain model parameters. The day-to-day

variation in the output range (left) and background (right) of the CcaS-CcaR (top)

and Cph8-OmpR (bottom) light-switchable systems are shown below. These values

are calculated by fitting the model to the data from each day using only a and b as

free parameters. The data shown here represent all calibration runs shown previously

(Supplementary Figures 2.13 and 2.14), the validation runs (Figure 2.2E,F), the func-

tion generator runs (Figures 2.3 and 2.4), the supplementary accelerated transitions

(Supplementary Figure 2.17), and the supplementary linearized transitions (Supple-

mentary Figure 2.18). We were unable to identify any correlations between these

variations and any steps in our growth protocol.
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Analysis of error measurements in biological function generator runs

The performance of the predictive model can be assessed by looking at the ‘RMSEP’

data (Supplementary Table 2.2). The CcaS-CcaR system has a RMSE of 5.0% over

all programmed time courses (N = 45), while the Cph8-OmpR system achieves 6.9%

(N = 33). The RMSEs calculated between the data and the reference for some of

the reference signals can be quite large if the initial value of the reference does not

match the initial state of the system (Supplementary Table 2.2). In particular, this is

the case for the accelerated transitions, as the reference is held at the final expression

level throughout the transition, so the data will necessarily be different initially. This

is also the case for the sine signals, but to a much lesser degree.
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Chapter 3

Multi-spectral modeling, characterization, control,

and multiplexing of optogenetic systems

This chapter contains work which was conceived of and proved feasible in 2015, and

implemented since the beginning of 2016. I developed the methods, model, experi-

ments, and analyses detailed in this chapter, unless otherwise indicated. This work

has benefited from many detailed discussions with Prabha Ramakrishnan, Karl P.

Gerhardt, and Brian P. Landry. The work which I have detailed in this chapter has

not been published; however, it is likely that it will lead to one or two publications.

3.1 Abstract

Optogenetic tools enable precise characterization and control of biological systems.

Biological function generators couple these tools with real-time feedback or predictive

mathematical models in order to produce light inputs that generate customized intra-

cellular signals. Previously, we have developed two optogenetic function generators

which enabled the predictive regulation of gene expression signals in E. coli. While

powerful, these tools had room for improvement, both in the their biological imple-

mentation and in their mathematical models. Here, I have developed a new model

which incorporates a two-state photoconversion mechanism for the light sensors, and

have parameterized this model for improved versions of the optogenetic tools. The

resulting function generators exhibit substantial improvements in their output ranges

and in the precision of their generation of designer intracellular signals. Furthermore,
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multispectral characterization of the models is demonstrated to enable dynamic com-

pensation for the presence of perturbative light sources. Finally, the dynamic com-

pensation abilities of the model has been utilized to produce multispectral light inputs

which can drive a multiplexed optogenetic system to simultaneously generate two in-

dependent gene expression signals. Because the photoconversion process is a universal

mechanism, the modeling, characterization, and multiplexing approaches described

here should be generalizable to most other optogenetic tools.

3.2 Introduction

Cellular behaviors are regulated by intracellular networks of interacting molecules.

Often, these interactions can be abstracted as “circuits” which transform dynamic

“signals” of molecular concentrations[89, 128]. Optogenetic approaches, wherein ex-

tracellular light signals are transformed into intracellular signals, are attractive be-

cause they enable researchers to interface with biological circuits[1, 77, 78]. A par-

ticularly powerful method, which we have termed a “biological function generator,”

couples an optogenetic tool with real-time feedback or a predictive mathematical

model to enable production of light inputs that generate tailor-made intracellular

gene expression signals[1, 78].

Previously, we have developed two light-input, gene expression-output function

generators based on the engineered CcaS-CcaR and Cph8-OmpR two-component sys-

tems in E. coli [78]. However, the utility of these function generators was somewhat

limited by the relatively low output range of the systems. To address this, our lab

has developed the RGv2 and RDv2 TCSs which dramatically improve the output

ranges of the previous versions of these systems[134]. Furthermore, several experi-

ments with the old versions of the systems suggested that there may be an underling
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mechanism which could be discovered and used to improve the model[78]. For exam-

ple, the CcaS-CcaR system exhibited intensity-dependence in its activation dynamics,

increased dynamics when in the presence of deactivating light, and finally a linear de-

pendence between the green intensity required for half-activation and the red light

intensity.

Here, we have identified that a photoconversion mechanism can explain these ob-

servations. We have adapted and extended previously-identified in vitro models of

photoconverting light sensors[129–131]. The photoconversion mechanism is modeled

by wavelength- and intensity-dependent switching between the ground and activated

light sensor states. By incorporating sensor dilution due to growth and a phenomeno-

logical description of the relationship between the state of the sensors and the down-

stream gene regulations, we have established a model of optogenetic systems capable

producing a gene expression output given a light input with arbitrary spectral and

intensity dynamics.

By utilizing new developments in optogenetic hardware, analysis software, and cul-

turing protocols, I have designed a suite of characterization experiments which were

capable of parameterizing this new model for both the RGv2 and RDv2 systems.

These models are demonstrated to be highly predictive, as they substantially outper-

form the previous models of the CcaS-CcaR and Cph8-OmpR systems. Furthermore,

the new model is capable of several new feats. The full spectral sensitivities of the

CcaS and Cph8 light sensors have been captured by the model, enabling prediction

of gene expression response at wavelengths beyond the red and green wavelengths

previously used. This expanded spectral understanding also enables for biological

function generation which can dynamically compensate for the presence of other,

perturbative light sources. Finally, the multispectral predictive capabilities of the
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model enables the multiplexed generation of two independent gene expression signals

in cells simultaneously expressing both light sensing pathways.

It is likely that the photoconversion mechanism captured in this optogenetic sys-

tem model could be applied to the sensors utilized in other optogenetic tools which

exhibit similar characteristic switchability. Furthermore, I anticipate that the charac-

terization approach utilized here could be generally applied, enabling the development

of highly-predictive mathematical models of most, if not all, widely-utilized optoge-

netic systems.

3.3 Methods

In this section I will describe the technical developments in mathematical model-

ing, optogenetic hardware, analysis-automating software, and cell culturing protocols

which were instrumental in enabling the evaluation of the photoconversion-based

model of optogenetic systems.

3.3.1 Multi-spectral optogenetic system model

Two-state model of light sensing

A model which implements light sensor photoconversion dynamics was suggested

based on the intensity-dependent timescales observed in previous work (Chapter 2).

I hypothesized that a simple two-state model (Figure 3.1, in which a population of

light-sensors exists in either a “ground state” or “active state” could capture this

observation. The sensors switch between these states with forward and reverse pho-

toconversion rates that increase proportionately with light intensity, and have propor-

tionality constants which are determined by the spectrum of the light source. Light
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sensor photoconversion models were established in the phytochrome literature more

than 50 years ago [129–131], and while this model has been shown to accurately cap-

ture in vitro phytochrome photodynamics, the absence of any production or dilution

mechanisms limits this model from describing in vitro signaling.

However, production and dilution mechanisms can readily be added to the model.

Furthermore, several light-switchable molecules exhibit “dark-reversion” which can

be modeled by adding a constant switching rate from the active state to the ground

state. This model can be represented by the following system of ordinary differential

equations:

dSg
dt

(t) = kp,S − (k1 + kg)Sg + (k2 + kdr)Sa

dSa
dt

(t) = k1Sg − (k2 + kg + kdr)Sa

where the parameters are described in Table 3.1.

Figure 3.1 : Light sensing model for optogenetic tools. Sg and Sa are the ground and

active state concentrations of the light sensor. The rates are described in Table 3.1.
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Description Symbol Unit

Ground- and active-state sensor concentrations Sg, Sa µmol

Forward and reverse photoconversion rates k1, k2 min−1

Dark-reversion rate kdr min−1

Sensor production rate kp,S µmol/min

Sensor dilution rate (cellular growth rate) kg min−1

Table 3.1 : Light sensing model parameters. This table contains the descriptions of

the parameters use in Figure 3.1

The simplicity of this model enables an analytical solution in terms of the fraction

of active sensors, y ≡ Sa
Sg + Sa

. After substituting, we can observe that the system

reduces into single equation representing simple first-order production-and-dilution

dynamics:

dy

dt
= k1 − (k1 + k2 + kg + kdr)y

or

dy

dt
= k1 − ktoty

where ktot ≡ k1 + k2 + kg + kdr.

The solution of this equation given an initial condition of y(0) = y0 for y0 ∈ [0, 1]

is:

y(t) = y0 +

(
k1
ktot
− y0

)(
1− e−ktott

)
Given a light source with a fixed wavelength spectrum (e.g. an LED), we can write

the forward and reverse photoconversion rates as k1 = k̂1I and k2 = k̂2I, where I is

the light intensity and k̂1 and k̂2 are the unit photoconversion rates for the given light
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source. We can see that the dynamics follow an exponential transition with a rate

given by (k̂1+k̂2)·I+kg+kdr, toward a steady-state fraction of
k̂1 · I

(k̂1 + k̂2) · I + kg + kdr
.

The intensity-dependence present in this switching rate agrees with the increasing

switching rate vs. intensity identified by our previous experiments with the CcaS-

CcaR system (Chapter 2).

If two light sources are combined, we can use the simple assumption that the

resulting forward and reverse photoconversion rates are added together. Thus we

have k1 = k̂1,1I1 + k̂1,2I2 and k2 = k̂2,1I1 + k̂2,2I2, where Ii is the intensity of and

k̂1,i and k̂2,i are the forward and reverse photoconversion rates for the ith LED. If we

use these terms to expand our previous results, we find that ktot and the steady-state

fraction yss are given by:

ktot = (k̂1,1 + k̂2,1)I1 + (k̂1,2 + k̂2,2)I2 + kg + kdr, and

yss =
k̂1,1I1 + k̂1,2I2

(k̂1,1 + k̂2,1)I1 + (k̂1,2 + k̂2,2)I2 + kg + kdr

If we consider the case where LED 1 predominantly drives the forward rate and

LED 2 drives the reverse (i.e. k̂1,2 = 0 and k̂2,1 = 0, we find that the switching

rate is now given by ktot = k̂1,1I1 + k̂2,2I2 + kg + kdr, and the steady-state response

is given by yss =
k̂1,1I1

k̂1,1I1 + k̂2,2I2 + kg + kdr
. These solutions further agree with our

previous findings (Chapter 2), as the presence of the deactivating LED increases the

switching rate to a given steady-state (Figure 2.21), and the LED 2 intensity serves

to linearly increase the amount of activating light required to produce a given steady-

state response (Supplementary Figure 2.10).

Despite the simplicity of this model, it has several characteristics which appear

very promising compared to previously-acquired gene expression data. However, the

solution of this model is the fraction of active sensors. We will need to establish a



116

model which can convert the active light sensor fraction y(t) into a gene expression

result.

Modeling intracellular signaling and gene expression

The processes downstream of the active fraction of light sensors can be divided into 1)

any signal transduction between the sensor and the production of the optgenetically

regulated gene, and 2) the establishment of the concentration of the gene product

given its production rate. In our TCSs, the first process comprises two signaling

steps: first, the phytochromes actively phosphorylate and dephosphorylate the RR,

and second, the phosphorylated RRs bind and regulate the activity of the output

promoter. Then, given the production rate of this promoter, the gene product con-

centration can be determined by balancing the production rate versus the dilution

rate, which is simply the cellular growth rate for stable proteins.

I will take a coarse-grained approach to modeling these signal transduction steps.

For the first step, the signal transduction from the light sensors to the RRs, and

from the RRs to the promoter activity will all be modeled as a single Hill function

given by p̂(r) = b̂ + â
rn

kn + rn
for the RGv2 system and p̂(r) = b̂ + â

kn

kn + rn
for the

RDv2 system, where r =
y

1− y
is the ratio of active phytochromes, b̂ and â are the

minimum and maximum production rates (with units of fluorescence per minute for

a fluorescent target protein), n is the Hill coefficient which identifies the steepness of

the response, and k is the ratio of active phytochromes which produces a 50% output

(since p̂(k) = b̂+ â/2). For these TCS models, I will be modeling the growth rate as

a constant parameter kg, so to provide a more intuitive representation for b̂ and â we

can write b = b̂/kg and a = â/kg, which are the fluorescence levels corresponding to

the minimum and maximum outputs. Given the production rate p̂, we can model the
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concentration of the target protein g(t) by a simple production/dilution ODE:

dg

dt
(t) = p̂(t)− kgg(t)

or

dg

dt
(t) = kg · (p(t)− g(t))

if we write p(t) =
p̂(t)

kg
.

With these signaling and gene expression models, the overall sensing and signaling

model should be able to capture nearly all of the previously observed experimental

results. The only element which is missing is that we have observed a approximately

5 minute pure delay in the CcaS-CcaR system. As we have not measured any of the

internal concentrations of this system, it is unclear at what point in the signaling

pathway this delay parameter is introduced. However, the parameter does need to be

in the model, and therefore I will introduce a delay parameter τ into the regulation

of the output promoter. Therefore, the modified gene expression ODE is

dg

dt
(t) = kg · (p(t− τ)− g(t))

The overall model of the light-switchable TCS systems couples the sensing model

(i.e. light-to-active phytochrome fraction) from Section 3.3.1) with the signaling

model (i.e. active phytochrome ratio-to-gene product concentration) from this sec-

tion. The numerical simulation of this model will be described in Section 3.3.3.

3.3.2 High-throughput, multi-spectral hardware for optogenetics

Several hardware advancements were instrumental in the collection the data used to

calibrate the proposed photoconversion model (Section 3.3.1), including 1) a new 24-

well plate based platform for cell growth under optogenetic illumination, 2) improved
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LED calibration techniques which enable more accurate determination of the photon

flux through the growing liquid cell cultures, and 3) a tube rack design which dramat-

ically simplifies several steps of the experimental protocol (the protocol is described

in Section 3.3.4).

The Light Plate Array (LPA)

The LPA is a 24-well plate based hardware platform for performing optogenetics

experiments which incorporates a 3D-printed chassis with a custom-designed printed

circuit board (PCB, Figure 3.2A,B). The PCB contains a microcontroller that is

programmed to read light program files (.lpf) from the removable Secure Digital

(SD) card and translate them into precisely programmed LED intensity functions

on each of its 48 LEDs (24 wells × 2 LEDs per well). Finally, the PCB features

“plug-and-play” sockets into which the LEDs are friction fit, enabling the device

to be reconfigured between experiments. The LPA is built for use with a specific

model of 24-well plate (ArcticWhite AWLS-303008). The development of the LPA

was led by Karl Gerhardt, and involved contributions from many members of the

Tabor Lab. I was involved with the development of the LPA concept and the design

and construction of the device. A manuscript is currently in preparation detailing the

LPA and demonstrating its utility for a wide range of optogenetic and photobiological

applications[132].

In order to perform the experimental work detailed later (Sections 3.4 and 3.5),

I implemented a scale-up of the standard LPA procedures. This work involved con-

structing eight LPAs and rigging a power distribution system capable of powering 12

devices onto a larger shaker platform (Figure 3.2C).

Each well of the LPA is programmed using several parameters. There are two
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Figure 3.2 : The LPA optogenetic hardware platform. Top-down (A) and isometric

(B) views of the device. A shaker platform was rigged with a power distribution

system and loaded with LPAs (C) in order to meet the throughput desired for the

experiments in this manuscript. Photographs c/o Karl Gerhardt.
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values which can be used to calibrate the LED: the dot-correction (DC), and the

grayscale calibration (GCAL). The intensity program is then specified by a sequence

of grayscale (GS) values which the LPA uses to produce a piecewise-constant program

which steps to the next value in the array with a specified constant time-step. The DC

value is specified by a 6-bit (i.e. 0-63) value in the array specified in the “dc.txt” file

on the SD card. This parameter adjusts the maximum current delivered to the LED

when running at full-power. The relationship between maximum power and DC is

somewhat, but not completely linear. This curve is also different for each model LED

model. The GCAL parameter is specified by a 8-bit (0-255) number in the ‘’gcal.txt”

file. This parameter scales each of the user-supplied GS values by round(xgcal/255),

where xgcal is the GCAL parameter, and the rounding function rounds the value to the

nearest integer. Finally, each value in the GS sequence is specified by a 14-bit number

(0-4095). These values regulate the pulse-width-modulation (PWM) duty cycle of the

LED. PWM is a control scheme in which the LED is turned on for a specified fraction

(i.e. duty cycle) of each period and then turned off for the remainder. The period

used by the LPA is approximately 2 ms, which is fast enough that neither the human

eye nor the cells can tell that the LED is actually flickering. This GS sequence is the

primary means for controlling the LED intensities in the LPA. Note that the GCAL

parameter scales the GS values before they are sent out the LEDs. This means that

if a small GCAL value is specified for a LED, the resolution of this LED is reduced

due to the rounding function.

Light Emitting Diode (LED) characterization and calibration

Extensive use of LEDs was made for this work, requiring the preparation, organiza-

tion, and calibration of approximately 600 individual LEDs from a library of 23 LED
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models chosen for high brightness, narrow spectral width, and even spacing across

the light spectrum from the near UV to the near IR. The 23 different LEDs selected

are specified in Table 3.2, and their spectra are shown in Figure 3.3.
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Table 3.2 : Information on LEDs used in this study. Ordering information and sup-

plier data-sheet information are under “Supplier information”, while measurements

performed for this study is under “Measured information.” Vdrop is the forward volt-

age drop of the LED (volts), Itest is the electrical current (mA) used while producing

the supplier-specified values, λcentroid is the centroid wavelength (nm), λpeak is the

peak wavelength (nm), I is the maximum LED intensity (in units of I (unit) from

the supplier and in µmol/m2/s for my measurements). θ1/2 is the half-angle of the il-

lumination cone, and λFWHM is the full-width-at-half-max of the light spectrum. The

measurements were made using a single LED operating at maximum intensity (i.e.

maximum signal-to-noise). Data was collected using the LED measurement protocol

described in Section 3.3.2.
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Figure 3.3 : Spectra for LEDs used in this study. Measurements were made using

a single LED operating at maximum intensity (i.e. maximum signal-to-noise). Data

was collected using the LED measurement protocol described in Section 3.3.2.

These LEDs were measured and calibrated using a spectrometer (StellarNet UVN-

SR-25 LT16) with NIST-traceable factory calibrations performed on both its wave-

length and intensity axes immediately prior to use for this study. A six-inch in-

tegrating sphere (StellarNet IS6) was used for LED measurements, as it enables a

measurement of the total power output of the LED.

This total-power measurement is in contrast to the previous calibration technique,

in which a fiber-optic probe with a 1/4” aperture (StellarNet CR2) was placed above

the LED. The probe-base measurement will often dramatically over-estimate the mean

intensity within the culture volume, as conventionally the probe has been placed in

the bottom-center of the well where the light is brightest. It would be possible to use
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the probe to read out the mean intensity in the well, but the probe would need to

be very precisely placed in the well at a location which is dependent on the output

angle of the LED. Given these issues, I decided to move use an integrating sphere for

the LED measurements.

The integrating sphere is calibrated to produce total power measurements (in units

of µmol/s), however the parameter of importance for calculating the photoconversion

rates of the light sensors in the culture volume is the mean light intensity in the

well. The mean intensity of the well can be calculated by integrating the photon flux

through the z-axis of the cylindrical well geometry of the well in the 24-well plate.

The integral is simplified if we assume that the absorption of photons by the culture

is negligible, which is a reasonable approximation as the cultures are maintained at

a low density throughout the experiment duration (final densities are at an OD600

of 0.1-0.2). With this assumption, the mean intensity in the well is simply the total

power divided by the cross-sectional area of the well. The well radius is 7.5 mm, and

thus we can convert between the sphere-measured power and the mean-well intensity

via:

Iaverage,well =
Pmeas,sphere

π(7.5× 10−3 m)2
u 5.659× 103 m−2 × Pmeas,sphere

LED measurements with the integrating sphere are performed using the following

procedure (see Section 3.3.2 for a description of the LED programming parameters):

LED measurement protocol

1. Initialize the LPA by programming it with your desired settings. For LED

calibration, first maximize all of the parameters for each LED by setting the

DC values to 63, GCAL values to 255, and GS sequence to 4095. If a specific

final intensity is desired, adjust the DC parameter to produce a measurement
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which is approximately 10-20% above your desired intensity.

2. Connect all wires to the spectrometer (power to wall-socket, USB to computer,

and fiber-optic to the IS6).

3. Open the SpectraWiz software and say “No” to the pop-up dialog named “Con-

firm” if it shows up. If the software has not been installed, follow the manufac-

turer instructions for installation.

4. Load the IS6 calibration file. Click “View” → “Radiometer” → “Save or Load

Cal File for attached light receptor !” and then click “Yes” to open a file explorer

dialog. Select the calibration file (“MyCal-EPP10022524-RAD-IS6.CAL” for

our instrument) and click “Open.” Click “OK.” at the dialog that pops up.

5. Switch the instrument to scope mode, which reads out the raw 16-bit values

from the light detector. Click “View” → “Scope Mode.”

6. Place the LED into the IS6 LED adapter socket, and screw the adapter onto

the IS6. The IS6 LED adapter is the screw-on cap with a wire coming out of the

back of it terminated by a barrel-jack power connector. Connect power to the

barrel-jack connector using the LPA-side of the power adapter. The LPA-side

of the power adapter is the wire terminated in a male barrel-jack on one end

and a two-pronged terminal on the other. The two-pronged end fits into the

LED socket in the LPA in which the currently-measured LED will be placed.

Note: to minimize measurement of back-emission from the LED, a 3d-printable

cone which holds the LED in place is available.

7. Adjust the integration time on the spectrometer to maximize the signal from

the LED. Click “Setup”→ “Detector integration time” and type a value which
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produces a signal that peaks at approximately 75% of the detector range. Re-

peat if necessary until the full detector range is utilized. Note: By default the

software will be averaging the spectra of 5 independent measurements. To speed

up the measurement process, the number of repeats can be reduced by clicking

“Setup” → “Number of scans to average” and specifying a smaller number.

8. Switch to a calibrated intensity y-axis. Click “View” → “Radiometer” → “Mi-

croMoles per square meter per second” and click “Yes”. You may want to adjust

the limits of the y-axis so that the spectrum is visible. To do this, click “View”

→ “Y scale” → “set Max Y” and specify a lower value. A typical value is

0.0001.

9. Blank the spectrometer. Remove power from the LED by disconnecting the

power adapter at the barrel-jack connection. Allow the spectral measurement

to update until the spectrum has cleared the screen. Then click the dark light

bulb icon (fifth icon from the left near the top of the screen). Reconnect power

to the LED and allow the spectrum to stabilize.

10. Export the spectrum. Click the floppy disk icon (second icon from the left near

the top of the screen). Choose a location and save the spectrum. If the “File

save EXPORT parameters” dialog pops up, click “auto-set” on each of the fields

to maximize the exported range and resolution of the spectrum.

11. To measure the next LED, remove the current LED and return to either step

5 or 6. Use step 6 if the next LED has an intensity known to be similar to the

just-measured LED, or use step 5 to adjust the integration time if necessary.

The output of the LED measurement protocol is a “.IRR” spectrum file which



128

contains the complete LED power spectrum Pλ in ∆λ = 0.5 nm increments as well as

all setup parameters for the measurement (i.e. integration time, number of averages,

etc.). This spectra file can be used to calculate a number of characteristics of the LED

spectrum, including the peak, centroid, FWHM, and total flux (see Section 3.3.3).

Using this procedure, I calibrated the spectral LEDs (8× 23), as well as full sets

(8 × 24) of the “520-2-KB” and “660-LS” LEDs. The goal of the calibration was

to have a measured value that corresponds to an intensity which is slightly above

20 µmol/m2s. The results of these LED calibrations are shown in Table 3.3.
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Table 3.3 : LED calibration results. Each calibrated set of LEDs is labeled by its

LED ID and the number of LEDs which were calibrated together. There are 23 sets

of N = 8 “spectral” LEDs, and 2 sets of N = 192 LEDs (one green, and one red).

The minimum, maximum, mean, standard deviation, and coefficient of variation (CV)

were calculated and are shown for the peak wavelength, centroid wavelength, spectral

FWHM, and intensity (in µmol/m2s) for each of the LED sets.
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Figure 3.4 : Tube racks for the 8× LPA protocol. These tube racks were specifically

designed and 3D-printed in order to substantially simplify the LPA culturing protocol

when scaled up to many LPAs. (A) OpenSCAD rendering of the tube rack, (B)

Photograph of a assembled and painted tube rack.

Multichannel-ready tube racks

A set of eight tube racks were designed and 3D-printed in order to suit the specific

demands of the high-throughput 8× LPA culturing protocol described in Section 3.3.4

(Figure 3.4). The tube racks were designed using OpenSCAD, an open-source solid

3D computer aided design (CAD) modeling software which provides a “programmer-

friendly” interface to producing complex 3D objects.

These tube racks each hold 24× flow cytometry tubes in an arrangement which

precisely matches the spacing of a 24-well plate. The racks are designed to have a

weight (1 oz) attached to the bottom, enabling them to float in a stabilized manner

while they are in the water bath used for fluorescent protein maturation. Additionally,

the tolerance of the hole diameters in the rack are tuned to make sure that the tubes

do not float up and out of the rack while submerged, yet at the same time they are
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not difficult to insert or remove from the rack. Finally, there are two layers with holes

in the rack - one at the top and one at an intermediate height between the base and

the top. This intermediate layer serves three purposes: 1) to aid in establishing an

appropriate friction fit for the tubes, 2) to ensure that the tubes cannot tilt at all while

they are in the rack (this makes using the multichannel pipettor difficult), and 3) to

serve as an effective barrier to ambient light from reaching the light-sensitive antibiotic

in solution which is used to “fix” the cells during the fluorescence maturation process.

Finally, the racks have names embossed into their sides which help with identifying

which rack is associated with the samples from each of the eight LPAs in the incubator.

3.3.3 Software tools for automating experiment design and analysis

Several software tools were essential to the ability to collect and analyze data for

this project while following the 8× LPA culturing protocol (Section 3.3.4). These

include 1) “lpa-tools”, a set of programs which dramatically simplifies, automates

LED calibration, preparation of complex, multiplate optogenetic experiments, and

assimilation, organization, and archival of data from multiple sources, 2) “FlowCal”,

a library for processing, calibrating, and analyzing flow cytometry data, and 3) “lsc”,

a library for producing optogenetic model simulations and light program precompu-

tation.

lpa-tools, a software suite for LED calibration, experiment generation, and

data processing

There are three command-line utilities which comprise “lpa-tools”. These are “lpa-

calibrate,” “lpa-experiment,” and “lpa-process.” These tools are all written in Python

(Figure 3.5).
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Figure 3.5 : The lpa-tools software suite. These command-line software tools help

to automate and simplifiy several processes for LPA-based experiments including (A)

LED calibration, (B) experiment generation, and (C) data processing.
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The first, lpa-calibrate (Figure 3.5A), automates the analysis and calibration of

LEDs measured using the LED measurement procedure (Section 3.3.2). The software

reads in the raw “.IRR” files from the spectrometer, and for each LED spectrum

calculates the peak, centroid, FWHM, and total intensity. The peak is simply the

wavelength corresponding to the maximum power measurement. The FWHM can be

determined algorithmically by stepping in both increasing and decreasing directions

on the wavelength axis until a power which is 50% of the maximum is reached. The

difference between the higher and lower wavelengths is the FWHM. To calculate both

the centroid and the total power, I first truncated the wavelength axis to be as wide

as 6× λFWHM in order to reduce the impact of instrument noise which increases dra-

matically above 900 nm. With the truncated axis, the total power can be calculated

as
∑
Pλ∆λ, and the centroid as

∑
λPλ∆λ. These calculated values are recorded,

and if the total power value is satisfactory, the LED is calibrated.

The software batch-analyzes 24× LEDs at a time, corresponding to one LED

channel (i.e. top or bottom LED in each well) of a single LPA. The analysis results

for each LEDs are organized into a single array, stored in an Excel file (.xlsx). These

arrays are archived and serve as standardized data structures which can be used by

downstream tools that need to know the intensity calibrations for the LEDs.

The second tool, lpa-experiment (Figure 3.5B), reads an Excel file which contains

the specifications for a series of experiments (e.g. Tables 3.4 and 3.5), and converts

those specifications into 1) a device-by-device collection of SD card contents contain-

ing all necessary files to specify the appropriately calibrated light program files for

each device’s LEDs, 2) an Excel file containing well-by-well specifications of the pro-

grams that will run in that well, and 3) an organized file structure in which these files

are located and into which the experimental measurements can be placed. To produce
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these outputs, lpa-experiment reads the specified program parameters and construct

a well-by-well array of the intensities corresponding to those parameters. Then, these

intensities are converted into device-level parameters (GCAL, DC, and GS arrays) us-

ing the requested archived LED sets (made by lpa-calibrate). These parameters are

then used to generate the SD card files “gcal.txt,” “dc.txt,” and “program.lpf”. The

first two files are simple tab-delimited arrays, however the third requires a specialized

format to be read by the LPA. A function for producing the appropriately-formatted

file was kindly provided by Lucas A. Hartsough.

The third tool, lpa-process (Figure 3.5C), reads an Excel file that specifies an anal-

ysis methodology (for data which was measured using the light programs provided by

lpa-experiment) and processes measurement data accordingly. lpa-process is currently

configured to accept data from three sources: 1) flow cytometry standard files (.fcs),

2) absorbance measurements from a plate reader (Excel format, from a Tecan Infi-

nite M200Pro), and incubator temperature time-courses from a digital data-logging

thermometer (.csv format, from a Traceable Excursion-Trac 6433). The cytometry

data is processed using FlowCal (Section 3.3.3), the OD data is transformed using

an absorbance standard curve which maps the plate reader to spectrometer-measured

OD600 (from a Cary 50 spectrometer), and the temperature is processed to extract

the minimum, maximum, average, standard deviation, and cv of the temperature

time-course during the time in which samples were in the incubator. The OD stan-

dard curve is OD600 = 9.2× (x− 0.03962), where x is the raw plate-reader-measured

absorbance.
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FlowCal, a software tool for automated, calibrated analysis of flow cytom-

etry data

FlowCal is a Python library with an accompanying Excel-based interface which

enables the production of standards curves which transform the instrument- and

settings-specific fluorescence units from cytometry measurements into a common, cal-

ibrated unit (Figure 3.6A,B). The standard curves are generated from a measurement

of a fluorescent bead standard (Spherotech RCP-30-5A) containing eight populations

of beads tagged with eight concentrations of fluorescent dyes. These beads have

manufacturer-specified concentrations for each of the bead populations, enabling the

conversion into these standard “Molecules of Equivalent Fluorophore” (MEF) units.

The beads are measured during each session on the cytometer, enabling compensation

even for day-to-day drift in the instrument parameters.

With the standard curve established, FlowCal will also automatically transform

samples into MEF units. If the sample contains sfGFP, the appropriate unit is

MEFL (Molecules of Equivalent Fluorescein), while mCherry is quantified by MECY

(Molecules of Equivalent Cy5). However, before transforming the fluorescence mea-

surements of a sample, FlowCal will first process the cytometry data, using a density-

based gating strategy on the Forward Scatter and Side Scatter Channels (FSC and

SSC, see Figure 3.6C,D). This gating strategy identifies the densest region of the FSC

vs. SSC scatter plot which falls within a specified density contour.

To automate these procedures, FlowCal provides an Excel-based interface wherein

the specifications for the analysis of each sample, the beads, and the instrument are

stated. When these parameters are established, FlowCal can use the Excel file to pro-

cess the beads and samples, automatically generating an output .xlsx file containing

the resulting sample histograms and common statistics for the populations (mean,
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Figure 3.6 : Cytometry analysis and calibration using FlowCal. FlowCal automates

cytometry data processing and calibration. (A) First, the software analyzes standard

fluorescence beads to identify the eight fluorescence peaks from the bead population.

(B) Then, FlowCal fits a model relating the known (i.e. manufacturer specified in

MEF units) fluorescence of the beads to the measured values from the cytometer.

(C,D) Then, the software begins to process measured samples, first gating them (top),

and then transforming the fluorescence of the gated population via the standard curve

(bottom).
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median, mode, standard deviation, cv, etc.), as well as plots for which enable quality

control of the processing (Figure 3.6A-D).

The development of FlowCal was led by Sebastian M. Castillo-Hair, with con-

tributions from a few other members of the Tabor Lab. I was involved with this

project by providing data for analysis as well as contributing to discussions which

established the narrative and scope of the project. A manuscript has been submitted

which details FlowCal’s analysis procedure and demonstrates its utility for provid-

ing automatically generating calibrated fluorescence units which can compensate for

instrument drift and changes in instrument settings [133].

lsc, a set of Python classes for producing simulations of optogenetic sys-

tems

In order to more easily produce simulations from the optogenetic model (Section 3.3.1),

I have developed a small Python library that implements several structures which cap-

ture the abstract light-input, gene expression-output architecture. These structures

(Python classes) implement 1) light programs from single LEDs, 2) light programs

for a LPA well (i.e. two LEDs), and 3) model structures that can be arbitrarily

parameterized and can produce simulation results given a light program as input.

Furthermore, given a reference gene expression signal, the model class can perform

the precomputation algorithm to generate a light program which drives the gene

expression output to follow the reference signal (Section 2.5.11).

The LED and well light functions are implemented by the LEDProgram and Well-

Program classes. The LEDProgram class is parameterized by four objects: 1) a

LED identifier label (i.e. LED ID from Table 3.2), 2) a single constant intensity (in

µmol/m2s) corresponding to the “preconditioning” light level (i.e. the intensity for
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t < 0), 3) a sequence of time points and 4) a sequences of intensities, which together

with the time sequence establish the piecewise-constant light function. The WellPro-

gram class is simply a list of two LEDProgram classes. With their, the LEDProgram

and WellProgram structures contain all of the information required to produce a

simulation given a parameterized model. The Model class contains a list of param-

eter names and values corresponding to the parameters in Section 3.3.1, and also

contains the “simulate” method, which take as an input a LEDProgram or WellPro-

gram instance. The simulate method uses the scipy.integrate.ode library to produce

a numerical solution to the optogenetic system model (Section 3.3.1) given the light

function contained in the LEDProgram or WellProgram instance. The simulation

output contains several time-course solutions including 1) the active sensor fraction

(i.e. y(t)), 2) the growth rate-normalized production rate of the target gene (i.e.

p(t) ≡ p̂(t)

kg
), and 3) the target gene concentration (i.e. g(t)). Finally, the Model

class implements a slightly-updated version of the precomputation algorithm (Sec-

tion 2.5.11). The update establishes an automated generation of the discretization

of the allowable input intensity levels. These intensity levels are produced by iden-

tifying intensities which produce evenly-distributed output levels of the target gene

concentration. The even-distribution can be performed either in a linear or logarith-

mic scale, and is defaulted to produce N = 300 allowable intensity levels. A larger

N would increase the resolution of the intensity signal, however it also would further

slow down the precomputation algorithm (it takes approximately an hour to produce

a result). Note that there are still many improvements that could be made to the pre-

computation algorithm, including several which should lead to substantial run-time

optimizations.
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3.3.4 Culture growth protocol

Several adjustments were made to the optogenetic cell culturing protocol which was

previously described for Light Tube Array (LTA) based experiments (Section 2.5.5).

These adjustments include some adaptations required by the switch from the LTA

to the LPA, as well as some improvements which enable even more consistency be-

tween experimental trials. A particularly important improvement was the switch from

overnight pre-cultures to -80 °C frozen aliquots of exponential-phase cultures, which

not only improves consistency and plasmid stability, but also substantially simplifies

the setup of any experiment. With the aliquot-based precultures, an experiment can

be started “on a whim” rather than requiring 12-15 hours of advance preparation.

While this may seem a marginal improvement, practically speaking, it enables much

faster turnaround times when transitioning from between data analysis and exper-

iments (a transition which was required many times during this work). I am very

grateful to Brian P. Landry for conceiving of the -80 °C aliquot protocol.

8× LPA culturing protocol

1. Experiment initialization. This an approximately 2-hour process.

(a) Prepare program files on SD cards and load the SD cards into LPAs.

(b) Prepare 24-well plates for use.

i. Soak plates for at least 15 minutes in a 70% ethanol in water solution.

ii. Triple-rinse the plates using DI water.

iii. Place rinsed plates onto a sheet of foil which will later wrap around

the plate
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iv. Dry plates near a lit bunsen burner until the interior of the wells are

dry (approximately 45 minutes)

v. Use a paper wipe to dry the bottom of the plate and the foil. Wrap

the dried plate in the foil.

(c) Prepare media and cell culture.

i. Prepare 100 mL M9 medium (75.8 mL autoclaved, distilled H2O, 20

mL 5× M9 salts, 2 mL 10% casamino acids, 2 mL 20% glucose, 200 µL

1m MgSO4, 10 µL 1m CaCl2). (Note: typically I prepare 1-2L of this

media and pipet it into 50 mL aliquots to be used at a later date. For

these 100 mL experiments, I simply combine two of these aliquots.)

ii. Add appropriate antibiotics to medium. Shake/stir the container to

ensure the antibiotics are homogenized in the medium.

iii. Remove -80 °C culture aliquot from the freezer and allow to thaw on

the bench.

iv. Lightly vortex thawed culture aliquot and briefly spin down in a mi-

crocentrifuge.

v. Add appropriate culture volume to the 100 mL media. (Note: inocula-

tion densities for strains used in this work are RGv2: 1× 10−5, RDv2:

5× 10−6, Multiplexed system: 1× 10−5).

(d) Distribute inoculated media into 24-well plates.

i. Prepare a row of 1mL tips in a box so that only every-other tip is

present (i.e. 6 tips total).

ii. Shake to homogenize the inoculated media.

iii. Arrange the 8× 24-well plates with the wells open and uncovered.
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iv. Pour more than half of the media into a 50mL disposable multichannel

tray.

v. Use a 1 mL 12-channel pipettor with the previously-prepared row of 6

tips to transfer 500 µL of media into each well. Pour the rest of the

media into the tray after half of the plates are filled.

vi. Cover each plate with an adhesive-backed foil seal (VWR 60941-126).

(e) Load the LPAs and start the programs.

i. Carry the 8× plates, 8× LPA lids, and 32× LPA wing nuts to the

incubator containing the LPAs. (Note: a small carboard box or plastic

container is helpful)

ii. Load the plates onto each LPA, ensuring that the plate is oriented

correctly and is completely engaged with the LPA plate adapter.

iii. Place the lid onto each LPA, ensuring that the lid is oriented correctly.

iv. Engage 4× LPA wing nuts onto each device. Tighten the nuts evenly

until the pressure of the rubber gaskets being compressed is felt (ap-

proximately 1-2 full turns after the nut engages with the lid).

v. Start an 8-hour timer while synchronously releasing the reset button on

one of the LPAs. Every 10 seconds, release the reset button on another

LPA. Make sure to recall the order in which the LPAs were reset.

This staggering of the start times enables the plates to be removed

immediately when each of their programs ends.

vi. Allow the cells to grow in the LPAs at 37 °C for 8 hours.

2. Experiment completion and data collection. This is an approximately 4-hour

process.
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(a) 30 minutes prior to the end of the LPA programs, prepare a PBS+rifampicin

solution.

i. Fill a 250 mL beaker with 125 mL of a PBS solution in the pH7-7.2

range (72060-035).

ii. Add a stir-bar to the beaker and place on a stir-plate.

iii. Weigh 62.5 µg of rifampicin (rif, Tokyo Chemical Industry, R0079)

iv. Adjust the beaker to be centered on the stir plate. Adjust the rate of

the stir plate to produce a vortex which doesn’t quite reach down to

the bar.

v. Add the rifampicin to the middle of the vortex.

vi. Slide the beaker to be slightly off-center on the stir plate. This often

encourages the vortex to lower, leading to the stir-bar clipping the

vortex with each rotation. This is the desired state for dissolving.

Make any adjustments if necessary.

vii. Cover the dissolving solution with an opaque container (e.g. tin can)

or foil, as the rif is light-sensitive.

(b) Finishing the LPA programs

i. Prepare two autoclave trays with ice-water baths. Make sure the water

level is near the surface of the ice so that the submerged items will

make contact with water and not just ice (Note: a utility cart is useful

here).

ii. Submerge the 8× multichannel-ready tube racks into one of the ice-

water baths.

iii. Load the 192× wells in these racks with flow cytometry tubes (VWR
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60818-419).

iv. Carry the other ice-water bath to the incubator with the LPAs.

v. At 2 minutes time remaining on the LPA programs, open the incubator

and unscrew all of the wing nuts (leave the lids in place, though)

vi. As the status LEDs on each LPA change to indicate that the program

is complete, remove the enclosed plate and immediately submerge it

at least halfway up the side of the plate in the ice-water bath.

vii. The temperature logs from the data-logging thermometer on the growth

incubator can now be gathered.

(c) Preparing for culture transfers

i. After a 10 minute wait, remove the rif solution from the stir-plate. The

solution should be a vivid, bright orange. If it is dark-colored, either

there was light leakage, the stirring was too vigorous, or the saline was

not in the pH 7-7.2 range. and the solution should be remade.

ii. Filter the rif solution using a 0.22 µm filter.

iii. Use a multichannel pipettor to load the 192× cyometry tubes each

with 500 µL of the rif solution.

iv. Prepare 2× black-walled clear-bottomed 96-well plates (VWR 82050-

748) by labeling them “1” and “2”.

v. Prepare 192× 200 µL tips by arranging them in four tip boxes such

that every-other tip is present (i.e. rows of 6 tips).

(d) Transferring cultures for measurement

i. Remove the first 24-well plate from its water bath and place it on a

paper towel. Use another towel to dry its top surface and sides.
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ii. Carefully remove and discard the adhesive foil without spilling the

contents of the plate.

iii. Use a 12-channel 200 µL pipettor to transfer 100 µL volumes of the

cultures into the 96-well plate. Make sure to pipette up-and-down

in the 24-well plate in several locations to ensure that the culture is

homogenized before this transfer. Do not discard the tips after this

transfer.

iv. After the transfer to the 96-well plate, using the same tips, transfer

the same volume into the corresponding PBS+rif tubes in the tube

racks. Discard the tips after this transfer.

v. Place plastic caps onto the PBS+rif tubes containing the cultures.

This aids in reducing pipetting errors.

vi. Repeat this process until all 192× samples have been transferred to

the 96-well plates and the cytometry tubes. It is useful to fill the 96-

well plates using an interleaved strategy, where the first 24-well plate

begins in A1, the second plate in A2, the third plate in E1, and the

fourth plate in E2.

vii. Once all samples have been transferred, the cytometry tubes should be

homogenized. To do this, take the racks out one-at-a-time, tilt them

nearly horizontally, and gently shake the rack. Rotate the rack 180°

and repeat. This will cause the PBS+rif to roll up the sides of the

tubes, mixing in any culture which was stuck on the sides of the tube.

(e) Preparing for the next experiment (optional)

i. If another experiment is to be started as soon as possible (the 8× LPA
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growth protocol can be performed twice in a day), the 24-well plates

should be cleaned immediately and dried after at least a 15-minute

soak in 70% ethanol in water.

(f) Fluorescence maturation and culture OD measurements

i. Transfer the PBS+rif+culture tube racks into a 37 °C water bath.

Allow 1 hour for maturation of fluorescent proteins.

ii. While the maturation is in process, use a plate reader to measure the

absorbance of the cultures in the 96-well plates.

iii. When the fluorescence maturation is complete, remove the tube racks

and place them back into an ice-water bath. The samples should re-

main on ice at least 30 minutes before measurement via flow cytometry.

iv. The temperature logs from the data-logging thermometer on the mat-

uration incubator can now be gathered.

(g) Calibrated cytometry measurements

i. Prepare a bead sample for cytometry calibration. Pipette 500 µL

of PBS into a cytometry tube. Add one drop of calibration beads

(Spherotech RCP-30-5A) to the PBS. Cap the tube and place it on

ice.

ii. Transport the PBS+rif+culture samples and the bead sample to the

cytometer (BD FACScan with modifications from Cytek, see Sec-

tion 2.5). Turn the cytometer on and allow it to pressurize and stabi-

lize the laser.

iii. If applicable to your cytometer, perform several “Drain/Fill” cycles

to clear the lines of any residue leached from the tubing. Also fill and
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drain the sheath and waste containers if necessary.

iv. Analyze the bead sample. The beads should be tightly-clustered in

the center of the FSC vs. SSC scatter plot. The gain settings on the

fluorescence channels should match the gain used to acquire the cell

samples (if measuring a strain for the first time, it is wise to measure

the cultures anticipated to have the highest and lowest fluorescence

levels to establish an appropriate gain). Collect at least 5,000 events

(more is better).

v. Run the cell samples through the cytometer. The cells should be

clearly visible on the FSC vs. SSC scatter plot. Collect at least 20,000

events per sample. Make sure that the fluorescence histograms are

fully contained within the measurement range at the current gain set-

tings.

vi. When complete, perform an instrument shutdown cycle by running

10% bleach and then water through both the droplet-containment line

and the sample line.

Protocol for producing -80 °C exponential preculture aliquots

1. Perform a plasmid transformation to produce your desired strain.

2. From the transformation plate, pick a colony and grow a 3 mL culture in LB

media + appropriate antibiotics. Grow to a OD600 of 0.1-0.2.

3. Make a standard 1mL -80 °C glycerol stock from this culture (700 µL culture

and 300 µL of 60% glycerol) and freeze the stock overnight.

4. Use a sterile toothpick or pipette tip to stab the glycerol stock and begin grow-
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ing an 8 mL liquid preculture in a culture tube under experimental growth

conditions (i.e. 37 °C for the experiments in this manuscript). It is critical to

grow this culture using the same media which is specified for the experiments

you will be performing with the aliquots. That is, if your experiments will be

in M9+antibiotics, you should grow this culture in M9+antibiotics.

5. Prepare a PCR rack with 48 sterile, opened PCR tubes. Cover the tubes with

foil and save for later.

6. When the culture begins to exhibit the slightest bit of turbidity, take a 1 mL

sample from it and check the density. Check the density again in 30 minutes.

Use these measurements to extrapolate the time at which the culture will reach

an OD600 of 0.1. If the culture OD600 is already above 0.1, but below 0.2,

remove immediately. If the culture is above 0.2, start over with a new preculture.

7. When an OD600 of 0.1-0.2 is reached, remove the tube from the shaker. Do not

put the culture on ice.

8. Add a quantity of 60% glycerol to the preculture to bring the final glycerol

concentration to 18%. Homogenize the culture by gently vortexing.

9. Use a multichannel pipettor to transfer 100 µL of the preculture into each of the

PCR tubes.

10. Close all of the PCR tubes, and transfer the rack to a -80 °C freezer.

11. After 30 minutes, transfer the frozen PCR aliquots into a labeled 50 mL conical

tube. Store the conical in the -80 °C freezer.
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3.4 Multi-spectral regulation of the RGv2 and RDv2 two-

component systems

3.4.1 System descriptions

The RGv2 and RDv2 optogenetic tools (Figure 3.7)[134] are highly-engineered ver-

sions of the previously described light-sensitive CcaS-CcaR and Cph8-OmpR two-

component systems (TCSs)[84, 85]. These systems each consist of a light-switchable

phytochrome sensor kinase (CcaS and Cph8) that senses light via single-photon inter-

actions and signals to a cognate response regulator (CcaR and OmpR) via a phospho-

transfer mechanism. While the “version two” implementations of these systems main-

tain the same molecular species as the original versions, an extensive refactoring pro-

cess was performed to eliminate all native regulation elements (promoters, ribosome

binding sites, and terminators) from the expression of CcaS, CcaR, and Cph8. The

regulatory elements of OmpR were not refactored due to technical difficulties[134].

Furthermore, the replacement synthetic regulatory elements were chosen in order to

maximize the light response of these systems, resulting in fold-change values near-

ing 100 for both systems. Both systems are expressed using the same host strain,

BW29655, which is a double-knockout of EnvZ and OmpR, available from the Keio

collection[135].

These two systems have many similarities in both their origins and their signal

transduction characteristics, but they also have notable differences. The RGv2 sys-

tem is suspected to be highly orthogonal to any cross-regulatory interference from

native pathways, as both of the molecular species (CcaS and CcaR) are not native to

E. coli [85]. The RGv2 system exhibits a low-expression ground state which can be

photoactivated with green light into a high-expression state. Red light deactivates the
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Figure 3.7 : The RGv2 and RDv2 light-switchable TCSs. (A) RGv2 regulates expres-

sion of the target protein (sfGFP here) based on signaling through the light-switchable

CcaS and the transcription factor CcaR. The two photosensitive states of CcaS ex-

hibits peak wavelength sensitivities at 535nm (green) and 670nm (red). (B) RDv2

regulates expression of sfGFP based on signaling through the light-sensitive sensor

Cph8 and the transcription factor OmpR. Cph8 exhibits sensitivity to red (650nm)

light, but reversion to its ground state occurs independently of light. The plasmids

which implement these systems are shown below the system diagrams.
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system and returns it to the ground state (Figure 3.7A). In contrast, the RDv2 sys-

tem was constructed as a hybrid of non-native and native E. coli elements[84]. The

Cph8 protein is a chimera, with a light-sensing domain from the non-native Cph1

cyanobacteriochrome and a kinase signaling domain from the E. coli -native EnvZ.

EnvZ signals to OmpR, a known osmo-stress response transcription factor[136]. It

is highly-likely that regulation of the RDv2 system produces signaling through alter-

native, host-associated pathways in response to light (see Section 1.4 for a general

discussion of challenges associated with off-pathway signaling). Furthermore, the orig-

inal Cph1 protein exhibits photo-reversible switching in response to light with peak

wavelengths at approximately 660nm and 705nm, while the Cph8 protein appears

to exhibit only one-way photosensitivity (Figure 3.7B). The RDv2 system exhibits a

high-expression ground state which is repressed in the presence of red light. A key

characteristic of this system is an apparent rapid dark reversion to its high-expression

ground state.

3.4.2 System characterizations

The intention of the characterization of these systems is to be able to parameterize a

multispectral model of light sensing and signaling which will enable the prediction of

gene expression output from any generalized input light source. The light source itself

can exhibit both time-varying intensity and spectral composition. Thus, in general,

a brute-force complete characterization of these systems would consist of a charac-

terization of the response dynamics for many different monochromatic light sources.

The results from these different monochromatic light sources could be combined into

a model of photosensitivity and the photoconversion cross-sections (Section 3.3.1), as

well as downstream signaling (Section 3.3.1) could be constructed. Here, however, I



152

will attempt to short-cut this process.

The characterization procedure described here will attempt to exploit the sepa-

ration between light sensing and downstream signaling exhibited by the model (Sec-

tion 3.3.1). A complete dynamic characterization of the system will be performed

using just one activating LED, and the results will be used to constrain the model

of intracellular signaling. Notably, transduction through this downstream signaling

model is shared for any input light source, as the phytochrome acts as a “fan-in”

element, condensing mixed spectral compositions into a single number, namely the

population fraction of active phytochromes. Thus, with the signaling model estab-

lished, the process of constraining the spectral sensitivity parameters for other light

sources can be performed with a substantially reduced number of characterization

experiments. Here, I have reduced this spectral characterization down to simple

steady-state intensity response traces for each light source.

The multispectral characterization of these two TCSs was performed using four

experiments:

1. A measurement of the step-response dynamics from the ground state to the

active state (termed “DtA” or “Dark-to-Active”) using a range of activating

light intensities

2. An observation of the transition from the active state to the ground state

(termed “AtD” or “Active-to-Dark”) via a step-transition from a range of acti-

vating intensities into the dark

3. A steady-state trace of the response of the ground state of each system to a

wide range of intensities from each of 23 different LEDs spanning from 370nm

to 950nm (termed “FAS” or “Forward Action Spectrum”)
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4. A steady-state trace of the response of the active state of each system to the

same range of wavelengths and intensities (termed “RAS” or “Reverse Action

Spectrum”)

For each system, these characterization experiments were performed over a series

of experimental runs. For the RGv2 system, these experiments comprise 40x 24-well

plates of data (Table 3.4), while for the RDv2 system a reduced number of RAS

experiments were performed, reducing the number to 32x 24-well plates (Table 3.5).

The total set of experiments for each system was randomized across the eight available

LPAs, meaning that each experimental run consisted of a random mixture of DtA,

AtD, FAS, and RAS experiments. This randomization was done to ensure that any

systematic biases associated with a given experimental trial were distributed across

the complete dataset. A further layer of randomization was implemented within the

LPAs used for dynamics experiments wherein the well associated with each time-point

was randomized within the 24-wells of the plate. This again was to reduced systematic

biases that may be present which could inadvertently correlate the dynamic response

with well-position within the LPA.

Characterization of step-response dynamics

The dynamic characterization of each system consists of the DtA and AtD experi-

ments, as described above. The DtA and AtD datasets each consist of eight step-

response traces, and each step-response trace corresponds to a different activating

LED intensity. These activating intensities span a geometric sequence with a base of

2, and thus span seven decreasing steps of intensity from a maximum of 20 µmol/m2s

to a minimum of 0.156 25 µmol/m2s, corresponding to a 27 = 128 fold range of in-

tensities. The “520-2-KB” LED was chosen for the RGv2 system, while the RDv2
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Run ID Run name Strain ID LPA Top LEDs Bottom LEDs Randomize Program type Param 1 name Param 1 value Param 2 name Param 2 value

rgv2 r01 RGv2 Run 1 RGv2 Tori EO 01 EO 09 No RAS Spectral intensity 20 Activating intensity 1.25

rgv2 r01 RGv2 Run 1 RGv2 Tiffani EO 02 EO 10 Yes DtA Spectral intensity 0 Activating intensity 0.625

rgv2 r01 RGv2 Run 1 RGv2 Shannen EO 03 EO 11 Yes AtD Spectral intensity 0 Activating intensity 2.5

rgv2 r01 RGv2 Run 1 RGv2 Jennie EO 04 EO 12 No RAS Spectral intensity 5 Activating intensity 1.25

rgv2 r01 RGv2 Run 1 RGv2 Kirk EO 05 EO 13 No FAS Spectral intensity 1.25 Activating intensity 0

rgv2 r01 RGv2 Run 1 RGv2 Picard EO 06 EO 14 Yes AtD Spectral intensity 0 Activating intensity 1.25

rgv2 r01 RGv2 Run 1 RGv2 Sisko EO 07 EO 15 Yes DtA Spectral intensity 0 Activating intensity 2.5

rgv2 r01 RGv2 Run 1 RGv2 Janeway EO 08 EO 16 No FAS Spectral intensity 0.625 Activating intensity 0

rgv2 r02 RGv2 Run 2 RGv2 Tori EO 01 EO 09 No RAS Spectral intensity 0.078125 Activating intensity 1.25

rgv2 r02 RGv2 Run 2 RGv2 Tiffani EO 02 EO 10 Yes DtA Spectral intensity 0 Activating intensity 0.3125

rgv2 r02 RGv2 Run 2 RGv2 Shannen EO 03 EO 11 No RAS Spectral intensity 2.5 Activating intensity 1.25

rgv2 r02 RGv2 Run 2 RGv2 Jennie EO 04 EO 12 Yes AtD Spectral intensity 0 Activating intensity 0.15625

rgv2 r02 RGv2 Run 2 RGv2 Kirk EO 05 EO 13 Yes AtD Spectral intensity 0 Activating intensity 5

rgv2 r02 RGv2 Run 2 RGv2 Picard EO 06 EO 14 No FAS Spectral intensity 0.3125 Activating intensity 0

rgv2 r02 RGv2 Run 2 RGv2 Sisko EO 07 EO 15 Yes DtA Spectral intensity 0 Activating intensity 1.25

rgv2 r02 RGv2 Run 2 RGv2 Janeway EO 08 EO 16 No FAS Spectral intensity 10 Activating intensity 0

rgv2 r03 RGv2 Run 3 RGv2 Tori EO 01 EO 09 Yes AtD Spectral intensity 0 Activating intensity 0.625

rgv2 r03 RGv2 Run 3 RGv2 Tiffani EO 02 EO 10 No FAS Spectral intensity 0.01953125 Activating intensity 0

rgv2 r03 RGv2 Run 3 RGv2 Shannen EO 03 EO 11 No RAS Spectral intensity 10 Activating intensity 1.25

rgv2 r03 RGv2 Run 3 RGv2 Jennie EO 04 EO 12 No RAS Spectral intensity 0.625 Activating intensity 1.25

rgv2 r03 RGv2 Run 3 RGv2 Kirk EO 05 EO 13 Yes AtD Spectral intensity 0 Activating intensity 0.3125

rgv2 r03 RGv2 Run 3 RGv2 Picard EO 06 EO 14 No RAS Spectral intensity 0.01953125 Activating intensity 1.25

rgv2 r03 RGv2 Run 3 RGv2 Sisko EO 07 EO 15 Yes DtA Spectral intensity 0 Activating intensity 20

rgv2 r03 RGv2 Run 3 RGv2 Janeway EO 08 EO 16 Yes AtD Spectral intensity 0 Activating intensity 20

rgv2 r04 RGv2 Run 4 RGv2 Tori EO 01 EO 09 Yes DtA Spectral intensity 0 Activating intensity 5

rgv2 r04 RGv2 Run 4 RGv2 Tiffani EO 02 EO 10 Yes DtA Spectral intensity 0 Activating intensity 0.15625

rgv2 r04 RGv2 Run 4 RGv2 Shannen EO 03 EO 11 No FAS Spectral intensity 5 Activating intensity 0

rgv2 r04 RGv2 Run 4 RGv2 Jennie EO 04 EO 12 No RAS Spectral intensity 0.0390625 Activating intensity 1.25

rgv2 r04 RGv2 Run 4 RGv2 Kirk EO 05 EO 13 No FAS Spectral intensity 2.5 Activating intensity 0

rgv2 r04 RGv2 Run 4 RGv2 Picard EO 06 EO 14 No RAS Spectral intensity 0.3125 Activating intensity 1.25

rgv2 r04 RGv2 Run 4 RGv2 Sisko EO 07 EO 15 No FAS Spectral intensity 0.078125 Activating intensity 0

rgv2 r04 RGv2 Run 4 RGv2 Janeway EO 08 EO 16 No RAS Spectral intensity 0.009765625 Activating intensity 1.25

rgv2 r05 RGv2 Run 5 RGv2 Tori EO 01 EO 09 No RAS Spectral intensity 0.15625 Activating intensity 1.25

rgv2 r05 RGv2 Run 5 RGv2 Tiffani EO 02 EO 10 Yes DtA Spectral intensity 0 Activating intensity 10

rgv2 r05 RGv2 Run 5 RGv2 Shannen EO 03 EO 11 No FAS Spectral intensity 0.0390625 Activating intensity 0

rgv2 r05 RGv2 Run 5 RGv2 Jennie EO 04 EO 12 No FAS Spectral intensity 0.15625 Activating intensity 0

rgv2 r05 RGv2 Run 5 RGv2 Kirk EO 05 EO 13 No FAS Spectral intensity 0.009765625 Activating intensity 0

rgv2 r05 RGv2 Run 5 RGv2 Picard EO 06 EO 14 No RAS Spectral intensity 1.25 Activating intensity 1.25

rgv2 r05 RGv2 Run 5 RGv2 Sisko EO 07 EO 15 Yes AtD Spectral intensity 0 Activating intensity 10

rgv2 r05 RGv2 Run 5 RGv2 Janeway EO 08 EO 16 No FAS Spectral intensity 20 Activating intensity 0

Table 3.4 : RGv2 characterization experiments. Each row represents a single 24-well

plate. This experiment specification table was used by the “lpa-tools experiment”

package to produce the required LPA program files (Section 3.3.3). Top and Bottom

LED columns refer to archive names of calibrated LED sets. Spectral and activating

LED intensities are in units of µmol/m2s.
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Run ID Run name Strain ID LPA Top LEDs Bottom LEDs Randomize Program type Param 1 name Param 1 value Param 2 name Param 2 value

rdv2 r01 RDv2 Run 1 RDv2 Tori EO 01 EO 17 Yes AtD Spectral intensity 0 Activating intensity 0.625

rdv2 r01 RDv2 Run 1 RDv2 Tiffani EO 02 EO 18 Yes DtA Spectral intensity 0 Activating intensity 1.25

rdv2 r01 RDv2 Run 1 RDv2 Shannen EO 03 EO 19 No FAS Spectral intensity 0.0390625 Activating intensity 0

rdv2 r01 RDv2 Run 1 RDv2 Jennie EO 04 EO 20 Yes DtA Spectral intensity 0 Activating intensity 10

rdv2 r01 RDv2 Run 1 RDv2 Kirk EO 05 EO 21 No FAS Spectral intensity 0.625 Activating intensity 0

rdv2 r01 RDv2 Run 1 RDv2 Picard EO 06 EO 22 Yes AtD Spectral intensity 0 Activating intensity 0.15625

rdv2 r01 RDv2 Run 1 RDv2 Sisko EO 07 EO 23 Yes AtD Spectral intensity 0 Activating intensity 5

rdv2 r01 RDv2 Run 1 RDv2 Janeway EO 08 EO 24 No FAS Spectral intensity 0.078125 Activating intensity 0

rdv2 r02 RDv2 Run 2 RDv2 Tori EO 01 EO 17 Yes DtA Spectral intensity 0 Activating intensity 2.5

rdv2 r02 RDv2 Run 2 RDv2 Tiffani EO 02 EO 18 No FAS Spectral intensity 5 Activating intensity 0

rdv2 r02 RDv2 Run 2 RDv2 Shannen EO 03 EO 19 Yes DtA Spectral intensity 0 Activating intensity 0.15625

rdv2 r02 RDv2 Run 2 RDv2 Jennie EO 04 EO 20 No FAS Spectral intensity 1.25 Activating intensity 0

rdv2 r02 RDv2 Run 2 RDv2 Kirk EO 05 EO 21 No FAS Spectral intensity 0.01953125 Activating intensity 0

rdv2 r02 RDv2 Run 2 RDv2 Picard EO 06 EO 22 Yes DtA Spectral intensity 0 Activating intensity 0.625

rdv2 r02 RDv2 Run 2 RDv2 Sisko EO 07 EO 23 Yes AtD Spectral intensity 0 Activating intensity 10

rdv2 r02 RDv2 Run 2 RDv2 Janeway EO 08 EO 24 Yes AtD Spectral intensity 0 Activating intensity 20

rdv2 r03 RDv2 Run 3 RDv2 Tori EO 01 EO 17 Yes DtA Spectral intensity 0 Activating intensity 5

rdv2 r03 RDv2 Run 3 RDv2 Tiffani EO 02 EO 18 Yes DtA Spectral intensity 0 Activating intensity 20

rdv2 r03 RDv2 Run 3 RDv2 Shannen EO 03 EO 19 No FAS Spectral intensity 10 Activating intensity 0

rdv2 r03 RDv2 Run 3 RDv2 Jennie EO 04 EO 20 No FAS Spectral intensity 0.15625 Activating intensity 0

rdv2 r03 RDv2 Run 3 RDv2 Kirk EO 05 EO 21 Yes DtA Spectral intensity 0 Activating intensity 0.3125

rdv2 r03 RDv2 Run 3 RDv2 Picard EO 06 EO 22 No FAS Spectral intensity 20 Activating intensity 0

rdv2 r03 RDv2 Run 3 RDv2 Sisko EO 07 EO 23 Yes AtD Spectral intensity 0 Activating intensity 2.5

rdv2 r03 RDv2 Run 3 RDv2 Janeway EO 08 EO 24 No RAS Spectral intensity 5 Activating intensity 1.25

rdv2 r04 RDv2 Run 4 RDv2 Tori EO 01 EO 17 No RAS Spectral intensity 10 Activating intensity 1.25

rdv2 r04 RDv2 Run 4 RDv2 Tiffani EO 02 EO 18 No RAS Spectral intensity 20 Activating intensity 1.25

rdv2 r04 RDv2 Run 4 RDv2 Shannen EO 03 EO 19 No FAS Spectral intensity 2.5 Activating intensity 0

rdv2 r04 RDv2 Run 4 RDv2 Jennie EO 04 EO 20 Yes AtD Spectral intensity 0 Activating intensity 1.25

rdv2 r04 RDv2 Run 4 RDv2 Kirk EO 05 EO 21 No RAS Spectral intensity 2.5 Activating intensity 1.25

rdv2 r04 RDv2 Run 4 RDv2 Picard EO 06 EO 22 Yes AtD Spectral intensity 0 Activating intensity 0.3125

rdv2 r04 RDv2 Run 4 RDv2 Sisko EO 07 EO 23 No FAS Spectral intensity 0.3125 Activating intensity 0

rdv2 r04 RDv2 Run 4 RDv2 Janeway EO 08 EO 24 No FAS Spectral intensity 0.009765625 Activating intensity 0

Table 3.5 : RDv2 characterization experiments. Each row represents a single 24-well

plate. This experiment specification table was used by the “lpa-tools experiment”

package to produce the required LPA program files (Section 3.3.3). Top and Bottom

LED columns refer to archive names of calibrated LED sets. Spectral and activating

LED intensities are in units of µmol/m2s.
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system was characterized with the “660-LS” LED.

The time points of each intensity trace distributed unevenly, with an increased

density at the earlier time points where the rate-of-change of the sfGFP observations

are faster and a decreased density at the later, slower regime. This approach enables

simultaneous observation of the fast processes occurring during the early time points

as well as the eventual, slow approach of the transition to its steady-state expression

level. The time points used for these dynamic measurements are the following (in

minutes): ti ∈ {0, 5, 10, 15, 20, 25, 30, 35, 40, 50, 60, 70, 80, 100, 120, 140, 160, 180, 210,

240, 270, 300, 330, 360}.

Establishing a representative plot for these dynamic datasets is challenging, as

each full eight-trace dataset spans a wide scale in both the dependent (time) and

independent (fluorescence) variables. For that reason, I have included three plots

for each dataset, each containing the same observed values but plotted with linear,

semilog, and log-log axes (Figures 3.8 and 3.9).

An alternative representation of this data is to use a heat map or contour map

(Figures 3.10 and 3.11). While this might not be as immediately intuitive as a tradi-

tional plot, it enables much more transparent observation of the data, particularly in

the regions in which there was substantial overlap of the data points in the traditional

plots.

There are several aspects of these datasets which are worth highlighting including

the steady-state levels which are reached, the rates with which the responses occur,

and comparisons between the AtD and DtA dynamics for each system. First, it is

apparent that the RGv2 system operates with a much higher output level (approx-

imately 1.5× 103 MEFL to 1× 105 MEFL) than the RDv2 system (approximately

5× 101 MEFL to 3.5× 103 MEFL). Furthermore, it appears that even at the maxi-



157

Figure 3.8 : Step-response dynamics of the RGv2 system. (A,C,E) DtA data. (B,D,F)

AtD data. Data is plotted with linear axes in (A,B), semilog axes in (C,D), and log-log

axes in (E,F).
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Figure 3.9 : Step-response dynamics of the RDv2 system. (A,C,E) DtA data. (B,D,F)

AtD data. Data is plotted with linear axes in (A,B), semilog axes in (C,D), and log-log

axes in (E,F).
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Figure 3.10 : Step-response dynamics of the RGv2 system (heatmap representation).

(A,C,E) DtA data. (B,D,F) AtD data. A heat map of the data is shown in (A,B),

and contour plots with semilog axes are shown in (C,D), and log-log axes in (E,F).
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Figure 3.11 : Step-response dynamics of the RDv2 system (heatmap representation).

(A,C,E) DtA data. (B,D,F) AtD data. A heat map of the data is shown in (A,B),

and contour plots with semilog axes are shown in (C,D), and log-log axes in (E,F).
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mum intensity, the steady-state response of the RDv2 system has still not saturated.

This suggests that if the LPAs were calibrated to higher maximum intensity, the

RDv2 system may be able to reach even lower output levels. The true low-end value

for the RDv2 system is difficult to determine precisely, as the white-cell blank itself

produces a fluorescence reading of approximately 1.5× 102 MEFL. Thus, at the low

end of expression, cellular autofluorescence accounts for 75% of the readout fluores-

cence, introducing the possibility of a substantial systematic bias in the readings at

the low end of the scale. However, the result of this bias would be a translation in the

fluorescence axis, which would not impact any of the modeling outcomes (any error

in blanking can be completely accounted for by the b parameter Section 3.3.1).

The second characteristic to observe in these datasets is the response time of the

system to the step-changes in the light input. For the RGv2 system, the DtA data

exhibits a short pure delay (approximately 10 minutes) followed by a transition to

the final steady-state expression level. The transition itself appears to be faster for

higher intensities: note that the time taken for the system to reach 50% of its final

steady state decreases as the intensity increases, even in response to high intensities

that drive the system to the same steady-state level (this is most clear with a linear

fluorescence axis, as shown in Figure 3.8A). Furthermore, the fastest observed time-

to-50% appears to be approaching approximately 40-50 minutes, a timescale which

closely resembles the measured doubling time for this strain (37.4 minutes) summed

with the observed pure delay. These results are in agreement with the results which

were observed for the RGv1 system (Chapter 2), and also agree with the expectations

of the model (Section 3.3.1). Now, if we look at the RDv2 system DtA data, we

observe that, overall, the transitions rates appear to be substantially faster than were

observed for the RGv2 system, and furthermore do not exhibit a clear dependence on
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intensity. These apparent faster transitions are surprising, as the measured doubling

time for the RDv2 strain (37.9 minutes) is essentially identical to the RGv2 strain.

The RDv2 system does not conclusively exhibit a pure delay based on evaluation of

these figures.

A third observation from these datasets lies in the comparison of the DtA to AtD

data. The RGv2 AtD data exhibits a much longer delay before the fluorescence begins

to fall back to the steady-state level compared to the RGv2 DtA data (clearly observed

in Figure 3.8F and Figure 3.10F). I hypothesize that this delay in the AtD data is

a result of the fraction of green-activated CcaS phytochromes slowly diluting away

due to growth (while being replaced by newly-produced ground-state CcaS) rather

than due to active photo-reversion to their ground state. Furthermore, the response

times to not appear to have any intensity dependence as was observed in the DtA

data (Figure 3.10B). The RDv2 AtD data exhibits a rapid transition back to the

ground state, with no observed delay or dependence on intensity. These observations

support my hypothesis that the Cph8 phytochrome exhibits a rapid dark-reversion

to the ground state.

Characterization of action spectra

The spectral characterizations of these systems were constructed from the FAS and

RAS measurements. These FAS consist of 12-point steady-state intensity response

curves with 23 different LED light sources (Section 3.3.2). The light sources span

the visible spectrum and enter slightly into the UV and IR wavelength ranges as well

(total range is 370nm to 950nm). Furthermore, the LEDs were selected on the basis

of their measured spectral width, quantified by their full-width at half-max (FWHM).

At each wavelength, the LEDs with the narrowest FWHM values were chose so as
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to make the FAS and RAS measurements as close to monochromatic measurements

as possible. The RAS datasets consist of the same spectral LED sources with the

addition of a second, activating LED source which holds the system in its active state.

This enables the spectral LED in each well to compete against the activating LED

so it can be observed whether the spectral LED generates reverse photoconversion of

the sensor.

The intensity values for the spectral LEDs span a geometric sequence with a

base of 2, and thus span eleven decreasing steps of intensity from a maximum of

20 µmol/m2s to a minimum of approximately 0.009 77 µmol/m2s, corresponding to a

211 = 2048 fold range of intensities. Only the four brightest spectral LED intensities

were used for the RDv2 RAS experiments, as previous measurements had indicated

that minimal photoreversibility was expected. The activating intensities used in the

RAS experiments were all set to 1.25 µmol/m2s, with the activating LED for the RGv2

being the “520-2-KB” LED, and the “660-LS” LED for RDv2. Note that the 370 nm

LED was not capable of producing intensities greater than 5 µmol/m2s and thus those

measurements were eliminated from the characterization datasets. Furthermore, the

wells exposed to 1.25 µmol/m2s from the 370 nm LED exhibited substantial growth

rate reductions, and were also eliminated, as impacts in the light-signaling as a result

of modified growth rates are not incorporated in the light sensing and signaling model.

These spectral datasets are large and can be presented using multiple representa-

tions (as was the case for the dynamics datasets). Here I have included three different

styles for each dataset (Figures 3.12 and 3.13). Note that a third representation is

presented later in comparison to the model in Section 3.4.3.

In these spectral datasets, several features are apparent including peak wave-

lengths for both forward and reverse photoconversion as well as the presence of a
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Figure 3.12 : Steady-state spectral characterization of RGv2. (A,C,E) FAS data.

(B,D,F) RAS data. Data is plotted as a heatmap with a linear fluorescence axis in

(A,B), a log fluorescence axis in (C,D), and a contour map with logged intensity and

fluorescence axes (E,F).
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Figure 3.13 : Steady-state spectral characterization of RDv2. (A,C,E) FAS data.

(B,D,F) RAS data. Data is plotted as a heatmap with a linear fluorescence axis in

(A,B), a log fluorescence axis in (C,D), and a contour map with logged intensity and

fluorescence axes (E,F).
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wide range of wavelengths which can be used to produce a response in the systems.

Furthermore, we are able to directly and quantitatively compare the responses of the

RGv2 and RDv2 systems against one another.

First, in the RGv2 system it is apparent that there is a growing peak of sensitivity

in the blue-to-UV range, and a broad peak in the green range (Figure 3.12A,C,E).

It is this broad span of wavelengths around the green which is considered to be the

typical set of light sources to activate this system. Notably, the “520-2-KB” LED

which is used extensively to drive this system (with a centroid at 526 nm) produces

a substantially weaker response than the LEDs around it. I do not believe that this

is a true representation of the spectral sensitivity of CcaS, rather, I suspect that

this LED is difficult to calibrate to the same intensity as the other spectral LEDs

as it has a substantially wider output angle, leading to a reduced amount of light

reaching the culture in the well (Section 3.3.2). For the RDv2 system, there is a

broad peak in the reds with a pronounced narrow peak with the “660-LS” LED at

657 nm (Figure 3.13A,C,E). Furthermore, there is a growing peak of sensitivity in the

blue-to-UV range as was observed in RGv2. Notably, the RGv2 system is eventually

activated by all wavelengths between the UV and its green peak, whereas the RDv2

system appears to have a very weak response to LEDs in the 4̃90-525 nm range.

Evidence of photoreversibility is present in both systems, with a clear peak in the

red wavelengths of the RGv2 data centered near 660 nm (Figure 3.12B,D,F) and

a subtle peak in the near-IR wavelengths of the RDv2 data centered near 720 nm

(Figure 3.13B,D,F).

The RGv2 data exhibits a spectral response which is both broader and more

sensitive to lower intensities of light than the RDv2 data. This is made clear by

following an intermediate contour in the filled contour representation of each system
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(Figure 3.12E and Figure 3.13E). In the case of RGv2, a half-maximum expression

is produced by intensities at approximately 0.5 µmol/m2s over a span from 470-550

nm (and also at 370 nm), and at the least-sensitive activating wavelengths a half-

maximum response is produced at approximately 1 µmol/m2s. For RDv2, if we again

follow a similar contour, we observe 50% output at the peak wavelength again at

0.5 µmol/m2s (and again, also at 370 nm), but the intensity required for off-peak

wavelengths quickly increases above the maximum of 1 µmol/m2s observed for the

RGv2 system. It is more difficult to compare the RAS data for the two systems, as

the photoreversion response of the RDv2 system is very weak.

Finally, it can be seen that the RGv2 system produces a much steeper gene ex-

pression response relative to the RDv2 system. This observation could be described

by the RGv2 system exhibiting a larger Hill coefficient than the RDv2 system in a

Hill function representation of the response to increasing intensities. By this, I mean

that if we examine the peak wavelength region of RGv2, we find that the output

of the system changes from minimal to maximal expression over a range just larger

than a single order of magnitude. However, in the RDv2 data we observe that even

after nearly two orders of magnitude of intensities, the system has not saturated in

its response.

3.4.3 Model parameterizations

My modeling goals were two-fold: 1) to develop a predictive model for controlling the

RGv2 and RDv2 systems, and 2) to extract further descriptive information about the

separate roles of light sensing and downstream signaling. Toward these goals, I have

performed a nonlinear regression of the optogenetic system model (Section 3.3.1) to

the characterization measurements (Section 3.4.2). A description of this procedure
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will presented followed by a presentation of the resulting parameters and their asso-

ciated uncertainties and the quality of the model fit to the data will be established

via evaluation of the residuals. Finally, an analysis of the non-uniqueness of the fit

results will be shown.

Nonlinear regression procedure

Nonlinear least-squares regression was used to regress the optogenetic system model

to the characterization data. The Python package “lmfit,” which is based on the

Levenberg-Marquardt minimization algorithm, was used extensively to perform the

fits and analyze the resultant parameter sets[137]. The fits were performed by mini-

mizing the relative error between each data point and the same point in a correspond-

ing model simulation. The form of the error metric is

ERROR = (FDATA − FMODEL)/FDATA,

where FDATA is the fluorescence of the data point, and FMODEL is the fluorescence of

the model-produced value for that same data point (both fluorescence values are in

MEFL units, see Section 3.3.3).

Before detailing the parameterization approach further, it should be noted that a

minor mistake was introduced during the model regression procedure. The regression

was performed to cells which were not yet white-cell subtracted. If the error for

each data point had been calculated as an absolute error, this would have been of

no consequence, however with the use of a relative error metric the relative error

before and after blank subtraction is not invariant. Data points on the low end of

the fluorescence scale are more significantly affected, particularly those in the RDv2

system. If the fit had been performed after white cell blank subtraction, these low
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fluorescence values would have enforced a tighter constraint on these values. This

all being said, the effect of this mistake is likely very small given the forthcoming

presentation of the success of this model, however the effects are visible in the residual

data (Figures 3.17 and 3.18).

The simulated results of the dynamics data (DtA and AtD) were produced via a

numerical integration of the ODE model (Section 3.3.1) while the simulations of the

FAS and RAS experiments were produced using analytic steady-state solutions of the

model (Section 3.3.1). For each of the optogenetic systems, the model regression was

performed simultaneously across all of the collected experiments. Thus, a total error

summed across all of the characterization data was calculated and employed for each

iteration of the error minimization procedure.

Parameterization of each system was performed in a two-step procedure with all

of the parameter settings shown in Tables 3.6 to 3.11. First, the model was allowed to

fit with no parameters held constant. The parameters were bounded to a minimum

value of 1× 10−6 during fitting so that they would not be allowed to go negative

or become zero, as (1) this increased the likelihood that the numerical simulations

would fail and (2) negative values are nonphysical for all of the parameters. The

second round was then performed while holding constant at 1× 10−6 those parameters

which railed against the lower bound in the first round. This second fit was performed

so that covariance information for the fit result could be accurately generated, as the

covariance calculations fail when a parameter is up against a constraint.

The parameters were determined using the two-step regression procedure de-

scribed above. There are a few notable points to make here regarding the choices

made to keep some parameters fixed while allowing others to float. First, in the RGv2

system, strong covariance was observed between the k, k18, and k28 parameters. The
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relationship between these parameters is explored briefly later (Section 3.4.3), but one

of the results of this covariance is that it was not possible to uniquely constrain these

parameters. I attempted to apply extra constraints to the fit to break this covariance,

for instance by fixing kg to the experimentally measured growth rate. This helped,

but there is still a strong relationship between these parameters. In the end, I decided

to fix k to its best-fit value so that the other parameters would be constrained. This

same multicollinearity was also observed in the RDv2 system, and the k value was

similarly fixed. However in this system the multicollinearity was not observed to be

as strong and the kg constraint was not applied to RDv2 (furthermore, the fit kg for

the RDv2 system is dramatically different than the measured growth rate - this is a

point which will receive further Section 3.6).

Another notable parameters is the dark reversion rate kdr. In the RGv2 system,

kdr was found to rail against the minimum bound in the first round of fitting, and was

thus constrained to zero (this was a slight mistake, and should have been constrained

to the minimum bound of 1× 10−6). Finally, a number of the forward and reverse

rate parameters were fixed to the minimum bound as they were also found to rail

against the minimum bound in the first round.

Regression results

From these parameter results we can infer how the model is capturing our observations

of the characterization data. First, the b and a values indeed match our observations,

with the RGv2 system expressing at a much higher level than the RDv2 system.

Also, we observer that the RDv2 system is expected to saturate at the very low

level of approximately 15 MEFL. However, with the low signal-to-noise level of the

white cell measurement (which is itself 159 MEFL), it is hard to be confident that
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Round 1 Round 2 Result

Parameter Unit Init. value Bounds Init. value Bounds Value Std. err.

b MEFL 1.5× 103 [1× 10−6,∞] 1.5× 103 [1× 10−6,∞] 1.65× 103 1.50× 101

a MEFL 1.1× 105 [1× 10−6,∞] 1.1× 105 [1× 10−6,∞] 9.74× 104 1.19× 103

n 2 [1× 10−6,∞] 2 [1× 10−6,∞] 2.11 2.55× 10−2

k 1 [1× 10−6,∞] 0.3190063 Fixed 3.19× 10−1 0

kg min−1 1.8515× 10−2 Fixed 1.8515× 10−2 Fixed 1.85× 10−2 0

kdr min−1 0.1 [1× 10−6,∞] 0 Fixed 0.00 0

τ min 10 [5, 20] 10 [5, 20] 1.15× 101 2.71× 10−1

Table 3.6 : RGv2 regression results (key parameters)

Round 1 Round 2 Result

Parameter Unit Init. value Bounds Init. value Bounds Value Std. err.

b MEFL 2× 102 [1× 10−6,∞] 2× 102 [1× 10−6,∞] 1.60× 101 3.08

a MEFL 3.5× 103 [1× 10−6,∞] 3.5× 103 [1× 10−6,∞] 3.34× 103 1.06× 101

n 1 [1× 10−6,∞] 1 [1× 10−6,∞] 1.30 1.31× 10−2

k 1 [1× 10−6,∞] 0.197162 Fixed 0.197162 0.00

kg min−1 2× 10−2 [1× 10−6,∞] 2× 10−2 [1× 10−6,∞] 2.37× 10−2 2.20× 10−4

kdr min−1 0.1 [1× 10−6,∞] 0.1 [1× 10−6,∞] 1.26× 10−1 6.24× 10−3

τ min 5 [1× 10−6, 20] 5 [1× 10−6, 20] 2.42 3.71× 10−1

Table 3.7 : RDv2 regression results (key parameters)
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Round 1 Round 2 Result

Parameter Unit Init. value Bounds Init. value Bounds Value Std. err.

k̂1,0 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.34× 10−2 9.44× 10−4

k̂1,1 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 8.40× 10−3 5.92× 10−4

k̂1,2 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 4.80× 10−3 3.24× 10−4

k̂1,3 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 3.09× 10−3 2.16× 10−4

k̂1,4 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 5.90× 10−3 4.14× 10−4

k̂1,5 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.19× 10−2 5.83× 10−4

k̂1,6 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 9.85× 10−3 4.99× 10−4

k̂1,7 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.07× 10−2 5.49× 10−4

k̂1,8 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 6.68× 10−3 1.13× 10−4

k̂1,9 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.15× 10−2 5.74× 10−4

k̂1,10 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 6.30× 10−3 4.44× 10−4

k̂1,11 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.92× 10−3 1.39× 10−4

k̂1,12 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 5.25× 10−4 5.09× 10−5

k̂1,13 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,14 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,15 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,16 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,17 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,18 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,19 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,20 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,21 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂1,22 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

Table 3.8 : RGv2 regression results (forward rates)
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Round 1 Round 2 Result

Parameter Unit Init. value Bounds Init. value Bounds Value Std. err.

k̂2,0 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.26× 10−2 4.09× 10−3

k̂2,1 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.69× 10−3 2.68× 10−3

k̂2,2 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 5.44× 10−3 1.22× 10−3

k̂2,3 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.51× 10−3 9.47× 10−4

k̂2,4 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.89× 10−3 1.83× 10−3

k̂2,5 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂2,6 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂2,7 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂2,8 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 8.66× 10−4 3.02× 10−4

k̂2,9 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂2,10 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.78× 10−3 1.94× 10−3

k̂2,11 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 2.69× 10−3 5.85× 10−4

k̂2,12 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 3.36× 10−3 4.39× 10−4

k̂2,13 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 2.98× 10−3 2.35× 10−4

k̂2,14 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 4.58× 10−3 3.11× 10−4

k̂2,15 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.62× 10−3 1.75× 10−4

k̂2,16 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 2.18× 10−3 1.90× 10−4

k̂2,17 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 5.62× 10−4 1.40× 10−4

k̂2,18 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 2.56× 10−4 1.50× 10−4

k̂2,19 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.00× 10−6 0.00

k̂2,20 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂2,21 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

k̂2,22 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0

Table 3.9 : RGv2 regression results (reverse rates)



174

Round 1 Round 2 Result

Parameter Unit Init. value Bounds Init. value Bounds Value Std. err.

k̂1,0 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 5.02× 10−2 3.69× 10−3

k̂1,1 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 2.97× 10−2 1.79× 10−3

k̂1,2 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.44× 10−2 9.94× 10−4

k̂1,3 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 5.61× 10−3 4.95× 10−4

k̂1,4 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 4.48× 10−3 4.12× 10−4

k̂1,5 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 3.59× 10−3 3.48× 10−4

k̂1,6 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.76× 10−3 2.21× 10−4

k̂1,7 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 2.55× 10−3 2.49× 10−4

k̂1,8 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.80× 10−3 1.96× 10−4

k̂1,9 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 5.91× 10−3 4.46× 10−4

k̂1,10 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 8.13× 10−3 5.84× 10−4

k̂1,11 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.55× 10−2 7.85× 10−4

k̂1,12 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 2.50× 10−2 1.26× 10−3

k̂1,13 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−1 [1× 10−6,∞] 3.66× 10−2 1.84× 10−3

k̂1,14 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−1 [1× 10−6,∞] 5.71× 10−2 2.38× 10−3

k̂1,15 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−1 [1× 10−6,∞] 1.36× 10−2 8.87× 10−4

k̂1,16 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−1 [1× 10−6,∞] 7.90× 10−3 7.05× 10−4

k̂1,17 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−1 [1× 10−6,∞] 1.21× 10−3 2.58× 10−4

k̂1,18 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−1 [1× 10−6,∞] 5.79× 10−4 1.95× 10−4

k̂1,19 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0.00

k̂1,20 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0.00

k̂1,21 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0.00

k̂1,22 min−1 /(µmol/m2/s) 1× 10−1 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0.00

Table 3.10 : RDv2 regression results (forward rates)
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Round 1 Round 2 Result

Parameter Unit Init. value Bounds Init. value Bounds Value Std. err.

k̂2,0 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.20× 10−3 4.55× 10−3

k̂2,1 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 6.11× 10−3 1.10× 10−3

k̂2,2 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 6.30× 10−3 1.05× 10−3

k̂2,3 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 5.49× 10−3 1.04× 10−3

k̂2,4 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 4.54× 10−3 9.62× 10−4

k̂2,5 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 4.86× 10−3 9.61× 10−4

k̂2,6 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 5.27× 10−3 9.49× 10−4

k̂2,7 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.20× 10−3 6.42× 10−4

k̂2,8 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.77× 10−3 6.51× 10−4

k̂2,9 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 4.08× 10−4 5.79× 10−4

k̂2,10 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−2 [1× 10−6,∞] 1.36× 10−3 6.59× 10−4

k̂2,11 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0.00

k̂2,12 min−1 /(µmol/m2/s) 1× 10−2 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0.00

k̂2,13 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0.00

k̂2,14 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−6 Fixed 1.00× 10−6 0.00

k̂2,15 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 2.17× 10−3 7.31× 10−4

k̂2,16 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.19× 10−2 1.64× 10−3

k̂2,17 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.27× 10−2 1.62× 10−3

k̂2,18 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 7.88× 10−3 1.14× 10−3

k̂2,19 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 4.20× 10−3 6.35× 10−4

k̂2,20 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 2.11× 10−3 5.04× 10−4

k̂2,21 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.19× 10−3 4.53× 10−4

k̂2,22 min−1 /(µmol/m2/s) 1× 10−3 [1× 10−6,∞] 1× 10−3 [1× 10−6,∞] 1.21× 10−3 4.50× 10−4

Table 3.11 : RDv2 regression results (reverse rates)
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the RDv2 system indeed exhibits a 200+ fold range. The n parameter also matches

our expectation, as the RGv2 system, which we observed to have a steeper steady-

state intensity response indeed has a larger Hill coefficient. The kg parameter for the

RGv2 system was fixed directly to its measured value, while for the RDv2 system,

the parameter was allowed to float. The resulting RDv2 value is substantially faster

than what would be expected if it were given by the growth rate of the cell (note

that the doubling time of these two systems are practically identical). The kdr in

the RDv2 system was found to have a nonzero (and in fact quite fast) rate. The τ

delay parameter for the RGv2 system matches the expectation of approximately 10

minutes, while the delay for the RDv2 system was found to be nonzero (approximately

2.5 minutes) with substantial confidence. Finally, the k parameters were both found

to be fairly similar. These values would suggest that it does not require a substantial

fraction of the phytochromes to be active to produce a gene expression response.

However, as will be shortly clarified (Section 3.4.3) the confidence in the k parameter

is not high when the correlations with the other parameters are taken into account.

The forward and reverse photoconversion rates can be presented in a plot by

taking the centroid wavelength of each of the LEDs and using as the independent

variable (Figure 3.14). While this data suffers the same multicollinearity issues as

the k parameter results, we can still try to extract meaningful information from these

results. The forward and reverse spectral peaks for each system are not surprising,

as the wavelength ranges match the observed spectral results (Figures 3.12 and 3.13).

Furthermore, the reduced reverse rates relative to the forward rates also matches our

observations that the systems require much greater illumination from photoreversion

LEDs to overcome the activation from a forward-dominant LED. What is surprising in

these data, however, is that the relative sensitivities of the RGv2 versus the RDv2 sys-
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tems is inverted relative to the expectation. The RGv2 system exhibits substantially

lower (approximately 4-fold) photoconversion rates at its peak relative to the RDv2

system, which contrasts with the reverse sensitivity observations in the characteriza-

tion data. The explanation for this is that, despite the increased photosensitivity of

the RDv2 system, the light-induced photoconversion will always be competing with a

fast, basal dark reversion rate. It is this dark reversion which produces the apparent

insensitivity in the characterization results.

We can further evaluate these photoconversion rate parameters by checking the

correspondence between the fit and the spectral results. The spectral data was pre-

sented previously in the form of a heatmap or contour map (Figures 3.12 and 3.13),

but it can also be evaluated on a LED-by-LED basis as shown in Figures 3.15 and 3.16.

Finally, we can evaluate the residuals of the fit to the data to determine the extent

to which the model can capture the observations (Figures 3.17 and 3.18). Looking

at the data and model panels in these figures, it is clear that the model is accurately

capturing the details of the data. Inspection of the residual plots establishes that there

is indeed room for improvement, however. First, it would appear that the RGv2 data

generates larger residuals than the RDv2 data (note that both sets of heatmaps have

the same scales). However, this increased error is well-distributed across the data,

so it would seem that this is an issue of ”noise” in the data (perhaps due to LED

calibration errors, or due to the wider fluorescence histograms presented by the RGv2

system). Secondly, it is clear that there is room for improvement in the model in the

dynamics datasets. The RGv2 system residuals exhibit substantial banding in the

DtA dataset (Figure 3.17A), while the RDv2 system exhibits a similar structure in

the AtD data (Figure 3.18B). I suspect that these bands in the residual datasets arise

from the dramatic simplifications employed in the intracellular signaling aspects of
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Figure 3.14 : RGv2 and RDv2 forward and reverse photoconversion rate parameters.

(A) RGv2 photoconversion parameters. The forward rates are shown in green, while

the reverse rates are in red. (B) RDv2 photoconversion parameters. The forward

rates are shown in red, while the reverse rates are in pink. Error bars indicate the

standard error of the fit. Data for these plots is available in Tables 3.8 to 3.11.
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the model (Section 3.3.1).

Multicollinearity among the model parameters

The fitting procedure resulted in parameter sets which are not fully constrained.

While the uncertainty in any individual fit parameter is small, there is a strong

ability for other parameters to compensate for perturbations in another parameter.

In particular, there is a strong relationship between k and the forward and reverse

photoconversion rate corresponding to the LED used in the dynamic characterizations

for each system (i.e. k1,8 and k2,8 for the RGv2 system and k1,14 and k2,14 for the RDv2

system). This high degree of correlation between these regressed parameters is termed

multicollinearity.

To evaluate the relationships between these parameters, I have performed a series

of regressions while holding the value of k fixed (Figure 3.19). By holding k to

a range of values, I can treat it as an independent variable and observe 1) how

dramatically this perturbation affects the quality of the fit and 2) the dependence of

the photoconversion rate variables.

This regression analysis highlights several issues in the model regression. First,

the quality of the fit is not particularly sensitive to large adjustments in k (Fig-

ure 3.19A,E). Furthermore, the sensitivity to k is dramatically asymmetric in the

case of RGv2, to the extent that k is barely constrained as it progresses to lower

values. In both models, the forward photoconversion rate is strongly positively cor-

related with k (Figure 3.19B,F), while the reverse rate is negatively correlated (Fig-

ure 3.19C,G). In the RGv2 model, as the reverse rate approaches zero, but as the

minimum regression constraint of 1× 10−6 comes into effect, the rate holds constant.

Furthermore, it is directly at this transition in the relationship between these two pa-
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Figure 3.19 : Multicollinearity of the RGv2 and RDv2 model parameters. The ability

of the model parameters to compensate for one another is examined by performing the

model regression to the data while holding the k parameter fixed as an independent

parameter. The RGv2 (A-D) and RDv2 (E-H) data are shown. The quality of the

fit relative to the best-fit model are shown (A,E), as well as the relationship between

the forward (B,F) and reverse (C,G) photoconversion rates. Finally, the forward and

reverse rates are plotted against eachother (D,H).
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rameters that the chi-squared sharply changes. Finally, the relationship between the

forward and reverse rates (Figure 3.19D,H)for each model are negatively correlated,

with the constant-region of the RGv2 reverse rate evident.

3.4.4 Model validations

The identify whether or not the optogenetics models of RGv2 and RDv2 (Section 3.4.3)

are accurately capturing the real-world sensing and signaling characteristics of the

physical systems, I have prepared a suite of “challenge” experiments that utilize com-

plex, multispectral light inputs which force the model to extrapolate well beyond

the scope of the characterization experiments (Section 3.4.2). This validation of the

model’s sensing and signaling dynamics consists of “function generation” experiments

in which the model is used to precompute a light signal that is predicted to drive the

system to follow a desired gene expression (i.e. reference) trajectory. Four of these

experiments have been created using the same reference signal, but each with different

light sources or spectral mixtures of light sources:

1. (Mono activating) A single light source corresponding to the activation peak of

the system (“520-2-KB” for RGv2 and “660-LS” for RDv2)

2. (Mono UV) A single light source corresponding to the UV peak of the system

(“380-SB”)

3. (Perturbation) A mixture of two light sources given by a direct sum of program

1. with a large, dynamic perturbative signal from the activating LED of the

other system (i.e. RGv2 is driven by “520-2-KB” and perturbed by “660-LS”)

4. (Compensation) A mixture of the same two light sources, except that the ac-

tivating light signal is now programmed to compensate for the presence of the
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same perturbative signal.

A goal in the choice of the reference signal used in these experiments was to

highlight the wide output range of the optogenetic systems, and therefore the reference

signal was designed to be viewed on a logarithmic scale rather than a linear scale.

The reference signal is also designed to force the model to predict both activating

and deactivating gene expression transitions. The signal itself begins at a low output

expression level at t = 0 and, when viewed on a logarithmic fluorescence axis, then

transitions linearly up through 90% of the output range of the system in 210 minutes.

After a 60 minute hold at this level, the reference signal transitions linearly back

down to the 50% level in the remaining 210 minutes.

Given this reference signal, the optogenetic models were used to precompute light

input signals which should drive the gene expression output to follow the reference

(as described in Chapter 2). The precomputed light signals are constructed as a

piecewise-constant signal which updates every 10 minutes. This time resolution was

previously found to be more than sufficient to program complex dynamic signals

(Chapter 2).



187



188

Figure 3.20 : RGv2 model dynamic validation. Descriptions for the (A) Mono green,

(B) Mono UV, (C), Perturbation, and (D) Compensation programs are in the text.

In these experiments, the model of the RGv2 system was used to precompute light

signals (lower plots of each panel) to drive the resulting sfGFP gene expression (green

data points) to follow the reference trajectory (black line). Error bars correspond to

N = 3 independent experimental trials performed across as many days. The model

simulation (gray shaded region) is shown as the interquartile range of N = 500

simulations in which the model parameters were drawn from a multivariate normal

distribution using the parameter covariance from the regression procedure.
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Figure 3.21 : RDv2 model dynamic validation. Descriptions for the (A) Mono green,

(B) Mono UV, (C), Perturbation, and (D) Compensation programs are in the text.

In these experiments, the model of the RDv2 system was used to precompute light

signals (lower plots of each panel) to drive the resulting sfGFP gene expression (green

data points) to follow the reference trajectory (black line). Error bars correspond to

N = 3 independent experimental trials performed across as many days. The model

simulation (gray shaded region) is shown as the interquartile range of N = 500

simulations in which the model parameters were drawn from a multivariate normal

distribution using the parameter covariance from the regression procedure.
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RMSE absolute errors RMSE relative errors

System Experiment Comparison Raw % % log2

RGv2

Mono act.
Ref. 2.56× 103 2.62 9.66 0.147

Sim. 3.04× 103 3.12 8.89 0.133

Mono UV
Ref. 1.33× 104 13.7 43.1 0.481

Sim. 1.40× 104 14.4 44.7 0.493

Perturb.
Ref. 2.47× 104 25.3 267 1.724

Sim. 3.59× 103 3.68 20.5 0.261

Comp.
Ref. 4.20× 103 4.31 21.9 0.292

Sim. 4.47× 103 4.59 19.9 0.264

RDv2

Mono act.
Ref. 6.83× 101 (6.94× 101) 2.05 (2.08) 15.7 (8.09) 0.337 (0.109)

Sim. 6.40× 101 (6.54× 101) 1.92 (1.96) 7.71 (7.80) 0.104 (0.105)

Mono UV
Ref. 6.86× 101 (6.54× 101) 2.05 (1.96) 22.5 (9.48) 0.675 (0.128)

Sim. 6.20× 101 (6.44× 101) 1.86 (1.93) 11.8 (11.1) 0.156 (0.146)

Perturb.
Ref. 3.14× 102 (3.21× 102) 9.41 (9.61) 36.7 (34.4) 0.548 (0.406)

Sim. 8.69× 101 (8.87× 101) 2.60 (2.66) 15.7 (15.4) 0.209 (0.200)

Comp.
Ref. 1.40× 102 (1.43× 102) 4.19 (4.28) 19.4 (13.4) 0.396 (0.178)

Sim. 8.85× 101 (9.04× 101) 2.65 (2.71) 12 (11.8) 0.163 (0.158)
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Table 3.12 : Error metrics for the RGv2 and RDv2 validation experiments. Experi-

ment names correspond to the four panels in Figures 3.20 and 3.21. The comparison

column indicates whether the errors are data vs. reference or data vs. simulation.

The mean of the data replicates is used for these calculations. Absolute RMSE errors

are expressed in raw (with MEFL units) and normalized scales (i.e. expressed as a

percentage of the output range of the system, RMSEraw/a). Relative metrics include

the RMSE of the relative error (i.e. (Fdata − Fref)/Fdata) and the RMSE of the log2

error (i.e. log2(Fdata/Fref)). The values indicated in parenthesis for the RDv2 system

are errors calculated while removing the early data points from the calculation, as the

system was unable to reach the specified reference signal in these regions. For these

calculations, the t = 0 point was removed for all four experiments, while the t = 20

point was also removed for the Mono UV experiment.
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The validation data (Figures 3.20 and 3.21 and table 3.12) establish that the

model is performing with an unprecedented level of accuracy, compared even to the

results from our previous efforts (Chapter 2), even when presented with complex,

multispectral light input signals. For both systems, it is observed that the Mono Ac-

tivating experiment results in the lowest errors, with the RMSE of the relative error

being less than 10% across the entire signal. The Mono UV data reveals the greatest

challenge for the RGv2 model, as the expression output fails to reach the full expres-

sion range as expected, and we observe a fairly large error of ¿40%. However, the

RDv2 model does not fail in this manner for the Mono UV experiment, and produces

an error which only slightly under-performs relative to the Mono Activating data.

Moving on to the Perturbation experiment, we can clearly see the enormous impact

of the perturbative red light on the RGv2 system, and furthermore that the model

very accurately captures this impact. The impact of the green light perturbation on

the RDv2 system is more subtle. However, quantitatively the impact is clear, as the

relative error between the data and the reference reaches ¿30% in this experiment,

whereas when the same signal was used in the Mono Activating experiment the error

was 4x lower. Finally, in both systems the Compensation experiment demonstrates

that the effects of the perturbation can be nearly eliminated when the perturbative

light source is taken into account during the precomputation of the light program. For

both systems the data vs. reference error result from the compensation experiment

is much lower than the Perturbation experiment result, although not quite as low as

in the Mono Activating experiment.
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Figure 3.22 : Multiplexed optogenetic gene expression system. This system is a com-

bination of the RGv2 and RDv2 systems (Figure 3.7), and the signaling mechanisms

are the same as in those systems. The plasmids which implement this system are

shown to the right of the system diagram.

3.5 Independent, dynamic regulation of a multiplexed opto-

genetic system

3.5.1 System description

During the development of the RGv2 and RDv2 systems[134], a set of plasmids were

developed in which the two systems were simultaneously expressed. In this strain,

the output of the RDv2 system has been swapped from sfGFP to mCherry, so that

the responses of the two systems can be distinguished.
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3.5.2 System development

Though the plasmids for this strain were constructed by S. Schmidl around the time

of the development of the RGv2 and RDv2 systems, they had never been expressed

and characterized. The plasmids for this strain were received from S. Schmidl’s freezer

stocks, and upon transformation resulted in a heterogeneous population of colonies

on the plate. That is, the colonies were variable in both size and apparent green

fluorescence. I picked six of these colonies which spanned the range of size and

fluorescence levels, and proceeded to screen their response to light. The light sources

used for all of the multiplexing experiments used green (“520-2-KB”) and red (“660-

LS”) LEDs. The results (Figure 3.23A,B) produced several conclusions. First, it was

clear that the FL1 signal (corresponding to sfGFP) was being activated by green light

and that the FL3 signal (corresponding to mCherry) signal was being repressed by red

light. Second, the FL1 signal showed a strong response, while the FL3 response was

fairly weak. Finally, the variability which was observed among the colonies was also

represented in these experiments, as the clones demonstrated a varied capabilities to

respond to the light signals.

I suspected that some of the fluorescence observed in the FL3 channel could be

due to bleedthrough of the long red tail of sfGFP emission spectrum. To investigate

this, I reanalyzed the “rgv2 r01” experiment (Table 3.4) to evaluate the relationship

between the FL3 and FL1 fluorescence channels in a strain which contains only sfGFP.

A correlation was observed, and a linear fit was used to identify the intercept and slope

(Figure 3.24). The intercept is the observed FL3 fluorescence of the RGv2 strain when

minimal sfGFP is present, while the slope describes the bleedthrough of the sfGFP

signal into FL3. These parameters were used to both blank and compensate the FL3
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Figure 3.23 : Screening clones of the multiplexed strain. Clones were grown to a

final OD600 of 0.1-0.2. Light conditions were no light (“0”), 20 µmol/m2s green

light (“G”), 50 µmol/m2s red light (“R”), and both red and green together at the

stated intensities (“RG”). Sample were not treated with the fluorescence maturation

protocol (Section 3.3.4). Results from the FL1 channel (A), which corresponds to

the sfGFP fluorescence, the FL3 channel (B), and the blanked and compensated FL3

channel (C), corresponding to the mCherry fluorescence are shown.
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Figure 3.24 : Bleedthrough of sfGFP signal into the mCherry fluorescence readout

channel. A dual-channel analysis of the “rgv2 r01” experiment (Table 3.4) enabled

identification of a linear relationship between the FL3 and FL1 channels. The linear

fit was utilized to compensate and blank the FL3 channel to enable quantification of

the true mCherry signal.

signal so that the actual mCherry fluorescence could be established:

mCherry = FL3− 368 MECY− FL1× 2.25× 10−3
MECY

MEFL

When this blanking and compensation is applied, the change in response of the

mCherry signal to red light improves dramatically (Figure 3.23C).

From these experiments, it was concluded that “Clone 4” presented the best com-

bined response in the sfGFP and mCherry channels, and was used henceforth (how-

ever, it is likely that the differences between clones 4-6 were all within experimental
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noise).

3.5.3 System characterization

A simple characterization of the multiplexing strain was performed, consisting of a

single, large steady-state mapping of the response to a wide range of both red and

green light (Figure 3.25). The experiment was designed to use all eight of the LPA

devices, and thus consists of 192 different light environments. A 14 × 14 scan of

light intensities was desired, which requires 196 samples. Therefore, four of the 196

sets of intensities were selected at random and removed from the experiment to meet

the 192-well capacity. The range of green and red intensities used in this scan were

selected based on the observations of the RGv2 and RDv2 systems.Maximal intensities

were set to 20 µmol/m2s, and the remaining intensities are logarithmically spaced and

follow a geometric sequence. The green intensities decrease by a factor of
√

3, while

the red intensities decrease by a factor of
√

2. The lowest intensity in this sequence

was replaced by zero. Thus, the red intensities comprise the set {0}
⋃
{20/2i/2}, while

the green intensities are from the set {0}
⋃
{20/3i/2}, where i ∈ {0, 1, ..., 12} for both

sequences.

These data show that while the output range of the RGv2 system appears to be

conserved (i.e. the sfGFP response range is still roughly 1× 103 to 1× 105 MEFL)

while the mCherry response range is substantially reduced (from approximately 50-

3500 MEFL to 300-3500 MECY). Surprisingly, the high output level of the system

is basically the same in the MEFL versus MECY units. This is not expected, as

there are many factors which should impact the comparison of two reporters in these

calibrated units, for example the excitation and emission ratios of sfGFP:Fluorescein

and mCherry:Cy5 as observed by our flow cytometer are not controlled, and further-
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Figure 3.25 : Steady-state characterization of the multiplexed strain. The results for

the sfGFP (A) and mCherry (B) response are shown. The 14× 14 = 196 value array

was accommodated with 8× 24 = 192 LPA wells in a single experimental trial, hence

the four missing values.
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more no gene insulation techniques were used when swapping the reporter coding

sequences, so it is expected that there would be some degree of perturbation from

differing local genetic context between the promoter and coding sequence. However,

coincidentally, these factors appear to balance one another.

This heatmap characterization also shows that the red light response is less sen-

sitive than was observed for RDv2, as a half-repression level is reached only at ap-

proximately 5× higher intensity. The decreased sensitivity of the mCherry response

appears to be present in both its response to red and to green. The response to green

light is in fact, only slightly noticeable at the highest intensities. Finally, overall the

data appears to be a bit “noisier” than the RGv2 and RDv2 systems. It is possible

that there is some instability in this multiplexed system, as there is a substantially

larger load on the cell to support the union of the two systems. However, that being

said, the growth rate of the multiplexed strain (39.2 minutes per doubling) is only

marginally impacted relative to the single-system strains (37.4 and 37.9 minutes per

doubling for RGv2 and RDv2 respectively).

3.5.4 Model parameterization

The multiplexed data was observed to have reduced light sensitivity in the mCherry

response relative to the sfGFP response of the RDv2 system. I investigated whether

this effect could be explained by using adjusted versions of the single-system models

(Figure 3.26 and table 3.13). I hypothesized that the differences between the steady-

state responses were not due to adjustments in the intrinsic light sensitivity of the

CcaS and Cph8 proteins, and could therefore be accommodated by adjustments to

the downstream signaling portion of the model (Section 3.3.1). A nonlinear regression

procedure was performed in which the RGv2 model was adapted to fit the multiplexed
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RGv2 (multiplexed, sfGFP) RGv2 (single system)

Parameter Unit Init. value Bounds Value Std. err. Value Std. err.

b MEFL 1.5× 103 [1× 10−6,∞] 1.54× 103 3.11× 101 1.65× 103 1.50× 101

a MEFL 8.5× 104 [1× 10−6,∞] 8.42× 104 2.21× 103 9.74× 104 1.19× 103

n 2.1 [1× 10−6,∞] 1.78 4.05× 10−2 2.11 2.55× 10−2

k 1 [1× 10−6,∞] 0.429 1.79× 10−2 0.319 0

RDv2 (multiplexed, mCherry) RDv2 (single system)

Parameter Unit Init. value Bounds Value Std. err. Value Std. err.

b MEFL 5× 102 [1× 10−6,∞] 5.45× 102 49.1× 101 1.60× 101 3.08

a MEFL 2.7× 103 [1× 10−6,∞] 2.70× 103 1.19× 102 3.34× 103 1.06× 101

n 1.3 [1× 10−6,∞] 1.48 1.25× 10−1 1.30 1.31× 10−2

k 1 [1× 10−6,∞] 1.02 6.03× 10−2 0.197 0.00

Table 3.13 : Multiplexed system model parameters. The multiplexed system model

is constructed by altering the b, a, n and k parameters of the single-system RGv2

and RDv2 models. The regression results for the multiplexed model are shown, and

the original values from the RGv2 and RDv2 single-system models are copied from

Tables 3.6 and 3.7 to enable easy comparison.

sfGFP data, and the RDv2 model was adapted to fit the multiplexed mCherry data

(Figure 3.26C,D). The steady-state parameters b, a, n, and k were varied in order to

minimize the relative error between each the models and the corresponding dataset

(Figure 3.26 and table 3.13).

This regression procedure resulted in substantial changes for both of the sys-

tems. Both the output range (a, b) and the ratio of active phytochromes resulting

in 50% output expression (k) are substantially altered in the RDv2 system, while
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Figure 3.26 : Multiplexed system model and residuals. The sfGFP (A,C,E) and

mCherry (B,D,F) results for the multiplexed system model parameterization including

the heatmap data (A,B), best-fit model (C,D), and residuals (E,F) are shown.
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in the RGv2 system the k as well as the Hill coefficient parameter n are modified

(Table 3.13). Despite the simplicity of the characterization of the multiplexed strain,

I found it promising that the adjustments let the models to fit the data very well

(Figure 3.26E,F).

3.5.5 Model validation

To validate the model for the multiplexed system, I performed a series of gene ex-

pression programming experiments. These experiments all utilized the same “linear

ramps on a log-scale” as were used in the single-system validation experiments (Sec-

tion 3.4.4). This series consisted of four experiments of increasing challenge for the

model:

1. (Mono green) The green LED was used to drive the sfGFP signal to follow the

reference trajectory

2. (Mono red) The red LED was used to drive the mCherry signal to follow the

reference trajectory

3. (Sum of mono programs) The “Mono green” and “Mono red” programs were

combined with no compensation

4. (Compensation) The green and red LEDs were used to produce a compensated

program to drive both reporters to follow their reference trajectory

The first three programs were generated as previously described (Section 3.4.4).

For the fourth (compensated) program, it was initially anticipated that an iterative

precomputation approach would be required to produce red and green light programs

which would, together, drive both systems to follow their reference trajectories. First,



204

the red signal would be precomputed by using the mCherry model, and then using

the red signal as a perturbation, the green signal would be precomputed to drive the

sfGFP model. Then the green signal would be used as a perturbation for the mCherry

system, and so forth. I fully expected that this iterative approach would produce a

convergent outcome, whereas I felt that the prospect of designing a simultaneous 2-

D optimization might prove more unstable (and also more difficult). As it turned

out, however, the dramatic decrease in light sensitivity observed for the mCherry

output enabled a complete simplification of this approach. The green light signal

provides only very minimal perturbation to the mCherry output, and therefore no

compensation for the green light’s impact on mCherry was calculated. Therefore,

to generate the fourth program, I first generated a program for red light driving

mCherry, and then used the red light as a perturbation to program the green light

driving sfGFP.
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Figure 3.27 : Multiplexed system dynamic validation. Descriptions for the (A) Mono

green, (B) Mono red, (C), Summed, and (D) Compensated programs are in the text.

In these experiments, the model of the multiplexed system was used to precompute

light signals (lower plots of each panel) to drive the resulting sfGFP and mCherry

gene expression signals (green and red data points) to follow the reference trajectories

(green and red lines). Error bars correspond to N = 3 independent experimental trials

performed across as many days. The model simulations (green and red shaded regions)

are shown as the interquartile ranges of N = 500 simulations in which the model

parameters were drawn from a multivariate normal distribution using the parameter

covariance from the regression procedure.
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The results of these validation experiments (Figure 3.27 and table 3.14) are very

promising. In particular, the compensated program (Figure 3.27D) substantially out-

performs the non-compensated program (Figure 3.27C). It is clear, however, that the

steady-state model adjustments have not captured every aspect of the multiplexed

strain. In these experiments, the sfGFP signal is consistently lower than expected dur-

ing on-to-off transitions, while the RDv2 signal is consistently higher than expected

during the same transitions.

Despite the room for improvement in the model, the high-throughput capabilities

of the eight LPAs used for these experiments enabled a concurrent attempt to program

more complex, multiplexed signals.

3.5.6 Simultaneous, multiplexed programming of gene expression signals

Four additional dual-expression programs were attempted using the multiplexed sys-

tem model. These programs are intended to demonstrate 1) the complexity, 2) inde-

pendence, and 3) arbitrary programmability of the two, simultaneous gene expression

signals. The reference signals were, as before (Section 3.5.5), established on a log-

scale in order to highlight the wide output range of the systems. Despite the mCherry

output range not being as wide as the previous RDv2 sfGFP results, the log-scaled

reference signals were still utilized. In the below descriptions, the percentages and

fractions correspond to the log-scaled representation of the output range as well (e.g.

if a system has a 16-fold output range, the 50% level on a log scale would be at the

same expression as the 25%ile on a linear scale).

1. (Dual sines) The mCherry reference signal is described by the function

0.5 + 0.3 sin 2πt/480 min
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RMSE absolute errors RMSE relative errors

Reporter Experiment Comparison Raw Normalized % log2

sfGFP

Mono G.
Ref. 7.84× 103 9.31 49 0.528

Sim. 8.40× 103 9.97 49.7 0.540

Mono R.
Ref. - - - -

Sim. 7.49× 101 0.09 5.54 0.079

Sum.
Ref. 1.04× 104 12.4 141 1.11

Sim. 6.00× 103 7.12 57.1 0.591

Comp.
Ref. 5.34× 103 6.34 22.3 0.286

Sim. 5.56× 103 6.61 22.6 0.288

mCherry

Mono G.
Ref. - - - -

Sim. 1.52× 102 5.65 4.44 0.066

Mono R.
Ref. 1.53× 102 (1.53× 102) 5.66 (5.68) 10.6 (9.29) 0.158 (0.133)

Sim. 1.48× 102 (1.54× 102) 5.49 (5.70) 9.19 (9.33) 0.132 (0.134)

Sum.
Ref. 1.57× 102 (1.61× 102) 5.83 (5.98) 9.69 (9.12) 0.146 (0.137)

Sim. 1.60× 102 (1.66× 102) 5.92 (6.16) 9.07 (9.26) 0.136 (0.139)

Comp.
Ref. 1.26× 102 (1.21× 102) 4.66 (4.48) 8.85 (6.45) 0.141 (0.094)

Sim. 1.27× 102 (1.31× 102) 4.72 (4.87) 7.01 (6.76) 0.103 (0.099)

Table 3.14 : Error metrics for the multiplexed system validation experiments. Exper-

iment names correspond to the four panels in Figure 3.27. The comparison column

indicates whether the errors are data vs. reference or data vs. simulation. The

mean of the data replicates is used for these calculations. Absolute RMSE errors

are expressed in raw (with MEFL units) and normalized scales (i.e. expressed as a

percentage of the output range of the system, RMSEraw/a). Relative metrics include

the RMSE of the relative error (i.e. (Fdata − Fref)/Fdata) and the RMSE of the log2

error (i.e. log2(Fdata/Fref)). The values indicated in parenthesis for the RDv2 system

are errors calculated while removing the t = 0 and t = 20 min data points from the

calculation, as the system was unable to reach the reference signal in these regions.
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while the sfGFP reference signal follows

0.7 + 0.2 sin 2πt/360 min

2. (Sine and steps) The mCherry signal is the same as in the “Dual sines” program,

while the sfGFP signal is a series of 80-minute holds and 40-minute linear ramps

in increasing increments of 20% of the output range

3. (Dual steps) The sfGFP signal is the same as in the “Sine and steps” program,

while the mCherry signal is the inverse of the same program

4. (Time-shifted arbitrary signal) The mCherry signal is a complex function con-

sisting of 1) a linear ramp from 0 to 70% over 80 minutes, 2) a hold at 70% for

40 minutes, 3) a linear ramp down to 50% over 60 minutes, 4) a hold at 50%

for 40 minutes, 5) a sine wave described by the function

0.5 + 0.25 sin 2π(t− 220 min/220 min

and 6) a hold at 50$ for 40 minutes, while the sfGFP signal is the same program

but time-delayed by 60 minutes.
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Figure 3.28 : Multiplexed system function generation. Descriptions for the (A) Dual

sine, (B) Sine and steps, (C), Dual steps, and (D) Time-shifted arbitrary signal pro-

grams are in the text. In these experiments, the model of the multiplexed system

was used to precompute light signals (lower plots of each panel) to drive the resulting

sfGFP and mCherry gene expression signals (green and red data points) to follow the

reference trajectories (green and red lines). Error bars correspond to N = 3 inde-

pendent experimental trials performed across as many days. The model simulations

(green and red shaded regions) are shown as the interquartile ranges of N = 500

simulations in which the model parameters were drawn from a multivariate normal

distribution using the parameter covariance from the regression procedure.
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When presented against the cells in the LPA, these programs successfully drove the

multiplexed system to follow the two reference gene expression signals (Figure 3.28

and table 3.15). The “Dual sines” program illustrates that two sine signals with

different offsets, amplitudes, and periods can be composed without interference. This

combination of signals could be used for performing multi-node frequency analyses

of gene networks. The “sine and steps” experiment is an excellent example of the

versatility of the system to producing two very different and completely independent

signals. The “dual steps” program demonstrates a possible means for extending the

range of controllability of a downstream system. If the downstream system were

controlled such that the ratio of the two signals were the effective control signal,

then the maximal output range of the system would be the product of the ranges of

the two optogenetic systems (e.g. if both the production and degradation of a gene

were regulated independently by the multiplexed system). Finally, the “t-shifted

arbitrary signal” experiment demonstrates that the multiplexed system can be used

to characterize systems where time-delays are critical, such as in cellular decision

making circuits which often employ hysteretic sequential logic elements such as a

toggle switches, latches, or flip-flops.

As was the case with the validation results (Section 3.5.5), there is room for

improvement, particularly in the on-to-off transitions. Furthermore, as this dominant

“failure mode” is conserved across all of the programs, it would seem that once a

correction is established, most of the error will be eliminated.
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RMSE absolute errors RMSE relative errors

Reporter Experiment Comparison Raw Normalized % log2

sfGFP

Dual sines
Ref. 7.99× 103 9.50 19.2 0.305

Sim. 8.15× 103 9.68 19.5 0.312

Sine and steps
Ref. 4.73× 103 5.62 23 0.384

Sim. 4.80× 103 5.70 23 0.384

Dual steps
Ref. 3.94× 103 4.68 22.5 0.376

Sim. 4.01× 103 4.77 22.5 0.376

t-shifted arb.
Ref. 2.39× 103 2.83 15.1 0.240

Sim. 2.50× 103 2.97 21.1 0.281

mCherry

Dual sines
Ref. 1.51× 102 5.61 11.5 0.179

Sim. 1.47× 102 5.44 10.8 0.168

Sine and steps
Ref. 1.34× 102 4.96 10.3 0.161

Sim. 1.32× 102 4.91 10.1 0.158

Dual steps
Ref. 2.01× 102 7.46 11.6 0.184

Sim. 1.92× 102 7.11 10.6 0.165

t-shifted arb.
Ref. 1.78× 102 (1.79× 102) 6.61 (6.62) 13.5 (12.8) 0.202 (0.189)

Sim. 1.65× 102 (1.69× 102) 6.13 (6.26) 11.9 (12.1) 0.174 (0.177)

Table 3.15 : Error metrics for the multiplexed system programming experiments.

Experiment names correspond to the four panels in Figure 3.28. The comparison

column indicates whether the errors are data vs. reference or data vs. simulation.

The mean of the data replicates is used for these calculations. Absolute RMSE errors

are expressed in raw (with MEFL units) and normalized scales (i.e. expressed as a

percentage of the output range of the system, RMSEraw/a). Relative metrics include

the RMSE of the relative error (i.e. (Fdata − Fref)/Fdata) and the RMSE of the log2

error (i.e. log2(Fdata/Fref)). The values indicated in parenthesis for the RDv2 system

are errors calculated while removing the t = 0 data point from the calculation, as the

system was unable to reach the reference signal in this region.
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3.6 Discussion

3.6.1 Implications of results

These results demonstrate both 1) the capability of photoconversion-based mathe-

matical models of optogenetic sensing and signaling to enable prediction and pro-

gramming of gene expression signals with unprecedented quantitative precision, even

given multispectral and complex light input functions and 2) that these models are ca-

pable of technical feat of producing simultaneous, independent gene expression signals

in live cells, enabling completely novel two-dimensional characterization and control

approaches in synthetic and systems biology. In addition to providing support for

compensation of multispectral light functions, these models will enable compensation

from other perturbative light sources which are inherent to cell-biological experiments

such as exposure to imaging light sources (e.g. both the white-light bright field and

the fluorescence excitation sources in a microscope).

One interesting discovery is the faster-than-anticipated dynamics found in the

RDv2 system (Figures 3.9 and 3.11). Initially, one would suspect that the fact that

the measured gene-product transition dynamics (parameterized by kg are faster than

the measured growth rate is an indication that the gene product is being actively

degraded. However, the RGv2 system uses the same reporter protein (sfGFP) and is

expressed in the same E. coli strain (BW29655), and the RGv2 system kg matches

the system’s measured growth rate. This suggests that there is another mechanism at

play in the RDv2 system. I hypothesize that there is a weak source of negative feed-

back within the RDv2 system which leads to the observation of faster-than-expected

dynamics. Furthermore, I suspect the incomplete refactoring of the RDv2 system,

wherein the promoter regulating ompR is in fact the PompB promoter is the source
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of this negative feedback, as the PompB promoter contains many regulatory elements

native to E. coli.

The model validation results (Sections 3.4.4 and 3.5.5) provide evidence that

the optogenetic system model is capable of accurately capturing the light-to-gene

expression signal transduction of the RGv2 and RDv2 systems. Furthermore, the

photoconversion-based model of light sensing should be directly adaptable to other

optogenetic systems. This would enable gene expression programming not just with

other systems in E. coli, but also in other organisms. Furthermore, models of other

optogenetic systems should be similarly adaptable to multiplexing.

The dual-output capability of the multiplexed strain suggest three different control

schemes in which the system could be used:

1. (Dual steady-state control) In this scheme, both outputs are regulated to pro-

duce a two-dimension scan of their outputs (e.g. Figure 3.25)

2. (Steady-state and dynamic control) Here, one output is used to produce dy-

namic gene expression signals, while the other is used to produce constant

steady-state output levels

3. (Dual dynamic control) Both systems are used to produce dynamic gene ex-

pression signals (e.g. Figures 3.27 and 3.28)

These three schemes could be employed for both highly-interrogative characterization

and unprecedented control of biological systems. For example, the first scheme would

enable a rapid means for mapping the steady-state response of a gene regulatory

network, or for identifying optimization landscape of the flux through a metabolic

network as a function of two critical metabolic enzymes. The second scheme would

enable dynamic control or characterization of a biological circuit with the dynamic
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signal, while the second signal is used to tune a parameter believed to affect the

signal transduction of the dynamic signal. For example, the dynamic signal could

be providing a dynamic entrainment signal to a biological oscillator in eight parallel

experiments, where each of the eight experiments is being tuned to provide differ-

ent degrees of negative feedback in the oscillator circuit. Finally, the third scheme

would enable several novel techniques including 1) measurement of signal transduc-

tion through a circuit while a second signal provides a dynamic perturbation to the

host or to a node within the circuit (e.g. simulating a dynamically changing en-

vironment), 2) controlling both “activating” and a “deactivating” inputs of a node

of a genetic circuit so that the effective output range of the node can be extended

(e.g. controlling both the activating and repressing transcription factor of a hybrid

promoter),and 3) assessment of the importance of the time-delay between two input

signals (e.g. in cellular decision-making circuits). These examples highlight some

experiments compatible with a multiplexed system, and are certainly not exhaustive.

The versatility and precise controllability of the multiplexed tool should make it one

of the most powerful tools available for characterizing or controlling any biological

system.

3.6.2 Potential improvements

While the photoconversion-based optogenetic system model presented here is highly

successful at predicting the response to many complex multispectral light signals,

there are several areas where improvements could be made. For the single-system

models, the largest failure is prediction in the RGv2 “Mono UV” dataset (Fig-

ure 3.20B, and Table 3.12). There are several possible explanations for this result,

however the simplest is that the steady-state characterization used to produce the
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forward and reverse photoconversion rates for the UV LED (i.e. k1,0 and k2,0) were

constrained poorly and that a regression procedure which utilizes some dynamic UV

response data could better establish these parameters. Another likely possibility is

that the UV light produces unintended consequences when presented to the cells at

high illumination (e.g. host-cell phototoxicity or degradation of unconjugated PCB

chromophore). I believe that it will take just one or two experiments to identify the

source of the discrepancy. In addition, based on the multicollinearity observed in the

model, it is clear that if I were able to constrain any one of these parameters more

precisely that it would also constrain the others. Given the sets of models fixed to

different k values (Section 3.4.3), it will be possible to simulate and compete these

models against one-another under a suite of synthetic in silico experiments to try to

identify experiments which can be performed in vivo to provide these constraints.

The multiplexed system presents another, more substantial need for model im-

provement (Sections 3.5.5 and 3.5.6). While surprisingly effective, the very simple

modeling approach (Section 3.5.4) used for this system could be adjusted to increase

the predictive capabilities of the system. The likely cause for the altered on-to-off

dynamics observed in these systems is a limitation of the PCB chromophore, which

becomes a shared resource between the CcaS and Cph8 populations. It is possible

that any CcaS and Cph8 proteins which remain unconjugated will have increase phos-

phatase activity toward their cognate response regulators. I suspect that this would

both explain the increased “on-to-off” dynamics and the effective decrease in light

sensitivity of both sensing pathways. I believe that a single model iteration can be

implemented, where the current validation data could be used to calibrate a new

model. This new model could be then compared to the function generation experi-

ments to confirm its ability to predict given new signals. Then the function generation
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experiments could be repeated to more precisely follow the desired reference signals.

In addition to changes in the model, I suspect that the mCherry signal in the

multiplexed system can be more fully repressed given more red light. It is possible

that the decrease in the mCherry output range relative to the RDv2 system is simply a

matter of the decreased sensitivity of the system meaning that we have less repression

at the current maximum intensity of 20 µmol/m2s. The multiplexed system could also

be demonstrated to work using other LEDs as input light sources. The green (“520-

2-KB”) and red (“660-LS”) LEDs were used 1) out of simplicity, as they were in

supply in our lab and 2) because they were the LEDs most likely to be successful, as

they were the LEDs used in the characterization of the RGv2 and RDv2 dynamics.

However, I could perform a more careful assessment of the spectral results to identify

whether any other LED selection might have any advantageous characteristics, such

as a greater orthogonality between the two systems. While the current degree of

orthogonality between the two sensors in the multiplexed system is excellent, it is

possible that at higher light intensities that the need to improve orthogonality will

be greater.

There is another experiment which we have developed to confirm the multispec-

tral predictive capabilities of the optogenetic system model. The goal of this “spec-

tral validation” experiment is to predict the steady-state response of the optogenetic

systems to novel light sources with complex spectral characteristics. This first re-

quires the establishment of a procedure for converting the spectral chracterization

LED’s photoconversion rate constants into a continuous photoconversion spectrum.

There are several approaches, ranging from simple linear interpolation to smoothing

(e.g. using the LOWESS algorithm), to using numerical optimization to identify a

spectrum which when spectrally convolved with the spectral characterization LEDs
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best matches the observed rates. This also requires identifying complex and novel

light sources. Constantine Tzouanas, a freshman undergraduate from Rice who was

working in the Tabor Lab, implemented both of these requirements. He identified

that white-light LEDs with colored filter materials provide broad, multispectral light

sources, and has implemented several approaches for generating a continuous pho-

toconversion spectrum. Constantine has moved on from the lab, but I have since

collected intensity-response curves using these LEDs for both the RGv2 and RDv2

systems. I will compare these experimental results to the predicted outcomes given

the various spectrum-generation approaches. The results of this analysis will hope-

fully allow us to more confidently surmise that the optogenetic sensing model can

be used to predict the outcome of complex light sources beyond those LEDs used

to characterize and calibrate the models. However, if the models cannot accurately

predict the measured outcomes of these experiments, the discrepancies will doubtless

serve to help to further constrain and improve the model.

Improvements in our LED calibration techniques would complement the calcula-

tion of continuous photoconversion spectra for the CcaS and Cph8 phytochromes. In

particular, the apparent “dip” in response to the “520-2-KB” in the RGv2 spectral

characterization data is likely a result of that particular LED having a substantially

larger output angle than the other LEDs. This greater output angle would lead to

more light clipping on the side of the well rather then going through the liquid cul-

ture. Furerthmore, the reflective foil lids which are placed on the plate would reflect

less light for a wider output angle, as again, more of the light would be hitting the

black well side-walls relative to a narrow LED. This problem could be solved by re-

placing or recalibrating the “520-2-KB” LED, but there would still be doubts about

the other LEDs, which still have some variability in output angle. At this time it



220

does not appear realistic that we could source LEDs meeting all of the current criteria

(wavelength, narrow spectral width, brightness, and form factor; see Section 3.3.2)

while meeting an additional constraint on output angles.

However, given a light calibration technique which can measure the volumetric

photon flux through the liquid culture volume, we would be able to establish absolute

calibration scaling factors for each LED which account for all of these difficult reflec-

tion and aperturing effects based on the well geometry. I have identified chemical acti-

nometry [138] as a means for performing these calibrations. This technique consists of

using a photo-degrading chemical solution with well-characterized photo-degradation

rates as a function of wavelength. However, but there are several technical challenges

associated with these calibration techniques that would need to be worked through,

including 1) preparation of the solution 2) measurement of the photo-degradation

product and 3) limitations on the spectral range in which each chemical sensor can

be used. Given these challenges, it is likely that the current LED calibration stan-

dard should remain in place until there is a more compelling need for more accurate

measurements. Finally, if the calibration techniques were implemented, the results

could be retroactively applied to the current measurements.

3.6.3 Future directions

Given the versatility and precision of the improved and multiplexed biological function

generators, there are a range of applications which could be targeted. First, it is likely

that we will focus on biological circuits within E. coli . Currently, I am focusing on

1) transcription factor gene regulatory networks, as the function generator approach

could be used to both identify and parameterize the regulatory connections, 2) the

chemotaxis circuit, as the function generator enables novel, dynamic measurements
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of the signal processing within the circuit (although it may be that the function

generator is not fast enough to study the more interesting processes), 3) sigma/anti-

sigma regulation, as the ability to control both regulators simultaneously opens up

completely novel experimental approaches, and 4) sugar utilization, as the role of

dynamics, race conditions, and thresholding can all be carefully interrogated in this

key decision-making circuit. However, the greater complexity of cellular behaviors

observed in other prokaryotes and even eukaryotes motivates the development of the

function-generator approach outside of E. coli.

Further development of the optogenetic system model is a particularly intrigu-

ing target. Optogenetic tools are likely the most precise means of regulating gene

expression known. With the ability to measure light input and gene expression out-

put with such a high degree of precision, these tools can in fact serve as model

systems of biological signal transduction. Just as we have taken a completely phe-

nomenological description of these tools (Chapter 2) and improved them with a more

mechanistic understanding of light sensing, so too could we take this current model

and improve it with more developed models of intracellular signaling, gene regulation,

and host/circuit context interactions. Each of these different mechanisms could be

modeled, characterized, and validated following the overall characterization, param-

eterization, and validation approach used here. It is likely that some of these models

will not be able to be fully constrained with just light-input, gene-expression output

measurements, and at those points more traditional molecular-biological approaches

could be implemented. However, the rapid turnaround and the richness of the dy-

namical information garnered by optogenetic systems should be used to the greatest

extent possible.

Finally, the development of more hardware tools for interfacing with optogenetic
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biological systems will enable researchers to further exploit the capabilities of these

tools. The LPAs that were used here are an outstanding means of providing multiple

light sources, as it is readily possible to scale into the range of 100’s of independent,

isolated optical environments. However, the durations of the experiments are limited

to one single exponential growth phase of the cells, as there is no means to expel

waste and provide fresh media. The LPA also does not provide and means for real-

time measurements of the samples. To these ends, Sebastian Castillo-Hair and I

have been working to develop a multiplexed turbidostat with optogenetic control

LEDs and real-time absorbance and fluorescence measurement capabilities. This

turbidostat is based on a published system which implements the culture dilution

mechanism[139]. Our system should enable real-time optogenetic control in eight

parallel cultures for extended durations (up to ¿1 week with strain optimization[139]).

The ability to produce a real-time readout of the culture fluorescence would enable us

to complement our predictive optogenetic models with feedback approaches [74–76],

enabling compensation for unexpected changes in the behavior of the optogenetic

signaling pathway. Finally, digital micromirror devices (DMDs) on a microscope

should enable nearly single-cell optogenetic control, as light can be focused down to

the same length scale as individual E. coli cells. This would enable both the single-

cell characterization of optogenetic signaling as well as advanced control of the gene

expression in targeted cells within a population.
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