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Abstract 

The brain supports numerous complex processes ranging from signal processing 

and motor control to learning and memory. These processes rely on signal transduction 

between interconnected networks of neurons that form neural circuits. Understanding 

how neural circuits function requires non-invasive, genetically specific technologies to 

both record and manipulate neural activity. Recording neural activity establishes a 

correlative relationship between the activity and cognitive function, while manipulating 

neural activity establishes a causal relationship between the activity and behavioral or 

physiological processes. Genetically encoded protein tools facilitate neuroscience 

research in both experimental paradigms. Genetically encoded sensors enable optical 

recording of neural activity across a wide spatiotemporal range. These indicators detect 

diverse forms of neural activity, including calcium ion flux, membrane voltage potential, 

and neurotransmitter concentration. Conversely, optogenetic actuators enable targeted, 

optical excitation or inhibition of neurons upon activation with a specific wavelength of 

light. 

Advancement of genetically encoded tools will allow researchers to access new 

experimental regimes of neuroscience. Enhancing the fluorescence response and 

temporal fidelity of genetically encoded sensors improves signal detection fidelity, 

enabling neuroscientists to access more neurons at once and more precisely analyze 

neural circuits. Expanding the spectral diversity of genetically encoded tools makes it 
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possible to record from multiple neural populations simultaneously or to 

optogenetically excite one population with a specific wavelength of light while 

recording the activity of another in a distinct optical channel. Such multi-channel 

experiments enable neuroscientists to investigate the influence of the activity of an 

ensemble of neurons on the activity of another ensemble downstream in a neural circuit 

or feedback between neural circuits. However, expanding the palette of protein sensors 

and actuators for such multi-channel experiments has been challenging. Most state-of-

the-art genetically encoded sensors fuse cyan-light-sensitive green fluorescent protein to 

a sensing domain, so the dual channel experiments described above require a 

complementary sensor or actuator that is sensitive to a spectrally distinct wavelength of 

light. However, the performance of red fluorescent genetically encoded tools typically 

lags relative to their green counterparts, and using cyan-light-activated sensors in 

conjunction with green-light-activated actuators introduces high optical crosstalk. 

Additionally, the dynamic properties and context-dependent performance of genetically 

encoded sensors make high-throughput screens of this class of tools labor intensive and 

time consuming. This constraint on the throughput of screens has limited development 

efforts to a miniscule fraction of the possible variants of each sensor. 

In this dissertation, I expanded the spectral diversity of the tools described above 

and developed a novel strategy for high throughput evolution of genetically encoded 

sensors. First, I developed a red fluorescent genetically encoded voltage sensor by 



 

vi 

engineering the fluorescence resonance energy transfer (FRET) efficiency between a 

voltage sensitive domain and a red fluorescent protein. This red fluorescent sensor 

enabled high fidelity recordings of neural activity with sub-millisecond temporal 

resolution, dual-channel recordings in parallel with green fluorescent sensors, and 

simultaneous optogenetic excitation and voltage imaging with minimal optical crosstalk. 

Second, I developed an optogenetic actuator with a blue-shifted activation spectrum by 

employing this same FRET mechanism. I demonstrated that the activation spectrum of 

optogenetic tools could be tuned by engineering FRET efficiency between the actuator 

domain and a compatible fluorescent protein. This straightforward strategy represents a 

technical step forward for engineering the spectra of optogenetic actuators, which has 

been difficult to achieve without compromising functionality. Third, I developed a 

screening method that enabled pooled, high-throughput screens of diverse libraries 

containing genetically encoded sensor mutants. This method employed both 

experimental and computational advancements. I used in situ optical mRNA sequencing 

to determine the sequence of each screened protein variant and machine learning to 

predict the function of unscreened variants. I expanded the coverage of the possible 

sequence space by over an order of magnitude compared to traditional directed 

evolution. 
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1. Introduction 

1.1 Motivation 

The brain performs complex computations that enable us to process and perceive 

external stimuli, form emotions, and interact with the world around us. Though 

scientists have long attributed certain mental processes to specific regions of the brain [1-

3], it was not until the early 20th century that neuroscientists began to hypothesize that at 

the most basic level, the brain’s functions are performed by communication among 

neurons [4]. Neurons communicate with each other via transmission of chemical 

messengers and electrical signals called action potentials, and they are classified based 

on various properties including function, morphology, and genetic signature. Ensembles 

of neurons coordinate to process sensory inputs, encode motor outputs, and regulate the 

activity of other neurons. To determine how these neural circuits organize and operate, 

neuroscientists aim to record the activity of relevant neural populations during the onset 

of a specific stimulus or during the execution of a behavioral task. 

Neural activity serves to enable communication between neurons through two 

broad categories of dynamics: electrical impulses and chemical transmission. When 

neurons are not active, they have a relatively low negative membrane voltage potential. 

Impulses from other neurons can elevate this membrane potential, and once the 

potential reaches a critical threshold, the neuron will fire an all-or-nothing voltage 

response called an action potential, or “spike,” which represents the basic unit of a 
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neuron’s electrical activity. These action potentials propagate from a neuron’s soma 

along its axon, which is a long projection emanating from the cell body that carries 

signals to other neurons. At their distal end, axons branch into multiple axon terminals, 

which form junctions with other neurons called synapses. Chemical transmission 

between neurons occurs at these synapses when a neurotransmitter is transferred from 

one neuron to another via synaptic vesicles (Figure 1). 

 

Figure 1: Neuron anatomy overview. Aggregated excitatory input triggers a 

~100 mV action potential (black) which propagates down a neuron’s axon. At its axon 

terminal, neurotransmitters (represented by red circles) are packaged into vesicles, 

released into the synaptic cleft, and bind to receptors on the surface of the 

postsynaptic neuron’s dendrites.  

Neurons transmit various neurotransmitters which can either enhance or 

suppress the postsynaptic neuron’s activity. Excitatory neurons that promote activity in 

postsynaptic neurons most commonly transmit the neurotransmitter glutamate, while 

inhibitory neurons that suppress activity in postsynaptic neurons most commonly 

transmit the neurotransmitter GABA. In addition to these common neurotransmitters, 
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neurons also communicate via transmission of a wide array of other chemical 

messengers, such as serotonin, dopamine, acetylcholine, epinephrine, and others. 

Released neurotransmitter binds to transmembrane receptors on the surface of the 

postsynaptic neuron that are sensitive to a specific small molecule. When the 

appropriate ligand binds, the receptor undergoes a conformational change which 

initiates intracellular signaling mechanisms. Aggregating sufficient excitatory input 

from multiple presynaptic neurons can raise the membrane potential of the postsynaptic 

neuron to the point that it will fire its own action potential. 

Seminal investigations demonstrating that even individual neurons are 

responsible for processing specific external stimuli relied on electrode-based recordings 

of the electrical activity of single neurons in superficial regions of the brain [5]. As 

neuroscience has advanced, electrode array technology has developed to facilitate 

stimulation of brain regions and multiplexed, high-fidelity recordings of the brain’s 

electrical signals [6]. However, recording and eliciting neural activity with electrodes has 

several drawbacks. First, electrode recordings aggregate signal from all nearby neurons, 

which introduces additional signal processing or instrumentation requirements to 

extract individual spikes of single neurons. Second, electrodes are unable to exclusively 

record from genetically defined subpopulations of neurons, each of which can play 

unique or even conflicting roles in a neural circuit. Correspondingly, analyzing neural 

networks using electrodes to stimulate brain regions imparts similar ambiguity. Such 
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studies typically aim to investigate how the output of a stimulated population of 

neurons affects the activity of another population within a neural circuit. However, 

uniformly exciting all neurons in a specific volume of the brain could induce local circuit 

effects that do not mirror the natural activity of the local circuit [7, 8]. 

1.2 Properties of genetically encoded sensors and actuators 

These limitations motivate the development of technology to record and control 

neural activity across large spatial scales with high spatiotemporal resolution and 

genetic specificity. In the past two decades, neuroscientists and protein engineers have 

dedicated substantial effort toward developing genetically encoded, optical sensors of 

neural activity and light-sensitive optogenetic actuators to achieve this goal. Genetically 

encoded sensors provide an optical readout of neural activity via fluorescence imaging. 

These indicators typically combine a sensing domain responsive to a proxy for neural 

activity with an optical reporter domain – most commonly a single circularly permuted 

fluorescent protein (cpFP) or a pair of spectrally compatible fluorescent proteins 

(Figure 2). The single-FP configuration produces a single-wavelength readout of neural 

activity and relies on an allosteric interaction between the sensing domain and cpFP 

which leads to an increase in cpFP stability and fluorescence when a neuron is active [9-

29]. The dual-FP configuration produces a ratiometric readout of neural activity and 

relies on fluorescence resonance energy transfer (FRET) between two FPs that share high 

overlap between the emission spectrum of one FP, the FRET donor, and excitation 
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spectrum of the other FP, the FRET acceptor. A conformational change of the sensing 

domain upon ligand binding brings these FPs closer together, leading to an increase in 

FRET and a corresponding increase in the FRET acceptor’s fluorescence coincident with 

a decrease in the FRET donor’s fluorescence [30-40]. 

 

Figure 2: Genetically encoded sensors generate a fluorescent readout of neural 

activity through a variety of mechanisms. Left: Genetically encoded sensors 

comprised of a periplasmic binding protein (PBP, top), G-protein coupled receptor 

(GPCR, middle) or calcium sensing domain (bottom) and a pair of spectrally 

compatible fluorescent proteins produce decreased fluorescence of a FRET donor 

(CFP) and increased fluorescence of a FRET acceptor (YFP) upon ligand binding due 

to FRET between the FPs. Right: Genetically encoded sensors comprised of a PBP 

(top), GPCR (middle) or calcium sensing domain (bottom) and a cpFP produce 

increased fluorescence upon ligand binding due to an allosteric interaction between 

the sensing domain and cpFP that closes the cpFP’s new termini, protecting its 

chromophore from the surrounding solution. Figure adapted from Bi, et al. [41]. 
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Existing protein sensors can provide relatively accurate reports of neural activity 

with cell-type specificity and cellular resolution through a variety of mechanisms. 

Genetically encoded calcium indicators (GECIs) detect intracellular calcium ion influx 

following a neuron’s firing an action potential. When a neuron fires an action potential, 

the rapid increase in membrane voltage increases the permeability of voltage-gated 

calcium channels (VGCCs) across the neuron’s membrane. Because the concentration of 

calcium ions outside neurons is orders of magnitude higher than the intracellular 

calcium concentration [42], the increase in VGCC permeability causes a rapid increase in 

intracellular calcium as the ions flow into active neurons along the electrochemical 

gradient [43]. This ten- to hundred-fold increase in the concentration of free intracellular 

calcium makes calcium ions an advantageous and detectable proxy for neural activity. 

GECIs’ high brightness and sensitivity make GECIs suitable to image neural activity 

across a wide range of scales, from two-photon imaging of the activity of individual 

synapses to widefield imaging of several hundreds of neurons simultaneously.  

Genetically encoded voltage indicators (GEVIs) provide a fluorescent readout of 

a cell’s membrane voltage with reduced signal amplitude but with over an order of 

magnitude faster kinetics than calcium indicators. Voltage sensors have been used to 

study subcellular voltage propagation [44-48], to image the activity of several neurons in 

a single field of view [18, 21, 23, 26, 49-51], and to record voltage propagation across 

genetically distinct neural subpopulations using widefield [52] or fiber optic-based [53] 



 

7 

imaging. Improving the brightness and sensitivity of fluorescent calcium or voltage 

sensors results in an improved signal-to-noise ratio (SNR), which translates to increases 

in spike detection fidelity [54].  

Neurotransmitter sensors similarly provide a fluorescent readout in response to 

increased concentration of a specific neurotransmitter such as acetylcholine [19, 27, 55], 

dopamine [56], norepinephrine [24], serotonin [28, 29], or GABA [25]. These sensors 

typically comprise a G protein-coupled receptor (GPCR) sensitive to a particular 

neurotransmitter fused to a cpFP. Neurotransmitter binding causes the receptor to 

undergo a conformational change which triggers an allosteric interaction with the fused 

fluorescent protein, causing a ligand concentration-dependent change in fluorescence. 

Because neurotransmitters regulate a wide range of physiological processes, directly 

measuring their concentrations and dynamics in various regions of the brain during 

certain behaviors can provide insight into the role that these neurotransmitters’ 

signaling pathways play in modulating both physiological and pathological processes. 

Further advancing sensors’ kinetics, sensitivity, and brightness is necessary to 

facilitate more precise and accurate imaging of activity from large neural populations. 

Although GECIs can image hundreds of neurons at cellular resolution using one-photon 

or two-photon microscopy, their calcium-dependent signal and slow kinetics preclude 

them from accurately reporting spike times in their fluorescent traces [57]. GEVIs, on the 

other hand, respond to neural activity with sub-millisecond kinetics required to 
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distinguish individual spikes in fast-spiking neurons and report the subthreshold 

influence of presynaptic inputs on the neuron’s membrane potential. However, this class 

of sensors lacks the brightness and SNR to image more than several dozen neurons per 

field of view [23, 51, 58, 59]. Finally, existing neurotransmitter sensors are relatively dim, 

and their sensitivity to physiological concentrations of neurotransmitters has limited 

their ability to record from large populations of neurons to fiber-optic based recordings 

or mesoscopic imaging across brain regions [24, 25, 27-29, 55, 56]. Further improving 

these sensors’ brightness and sensitivity could enable large-scale recordings with 

cellular resolution on physiologically relevant timescales. 

Comparable to the development of genetically encoded sensors, substantial 

protein engineering efforts have been dedicated toward developing genetically encoded 

optogenetic tools to manipulate neural activity. Optogenetic actuators exert control over 

neural circuits by exciting populations of neurons with a specific wavelength of light 

[60-72]. When used in combination with various genetic tools such as cell-type-specific 

promoters or recombinase-mediated expression in transgenic animals, researchers can 

target the expression of protein sensors or actuators to genetically defined populations 

of neurons. Such experiments can subsequently record or manipulate a specific neural 

population. This enables neuroscientists to use genetically encoded sensors to identify 

ensembles of neurons responsible for processing particular stimuli or regulating 

behaviors. Optogenetics, in turn, can facilitate targeted excitation of these ensembles, 
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which has been shown to influence behavior in awake animals [73-75]. Beyond single 

population experiments, protein sensors and actuators can simultaneously record or 

manipulate the neural activity of multiple neural populations.  

 

Figure 3: Optogenetic tools drive light-activated current in or out of neurons 

through a variety of mechanisms. Top: Upon excitation by a specific wavelength of 

light, all-trans retinal photoisomerizes into cis-retinal, which opens the channel or 

pore present in optogenetic actuators. Bottom: Most optogenetic actuators are seven-

transmembrane proteins that drive current through light-activated cation channels 

(left), proton pumps (middle), or chloride pumps (right). 

Optogenetic actuators enable targeted excitation or inhibition of neurons with 

high efficiency, which makes it possible for researchers to functionally regulate neural 

circuits by adding or subtracting action potentials from specific neural populations, 

sometimes at cellular resolution. The most used channelrhodopsins are transmembrane 

ion channels with a retinal chromophore linked to the channel by a protonated Schiff 
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base. Upon excitation with a specific wavelength of light, retinal undergoes a 

conformational change, opening the ion channel and allowing ionic current to flow 

through. Most excitatory channelrhodopsins are non-specific cation channels, so their 

activation drives positive current into neurons, depolarizing their membrane potential 

and eliciting action potentials. In contrast, inhibitory rhodopsins hyperpolarize the cell 

through a variety of mechanisms including anion channels [71, 76-78], inward chloride 

pumps [79-81], and outward proton pumps [82] (Figure 3). 

To enable simultaneous optogenetic excitation and neural imaging, researchers 

must employ a high-performance rhodopsin and a genetically encoded sensor that have 

sufficient spectral orthogonality. Although the earliest identified channelrhodopsins 

drove low photocurrent upon excitation by cyan light [60-62], the optogenetic toolbox 

has expanded to include high photocurrent-driving rhodopsins with a range of channel 

kinetics and sensitivity to diverse wavelengths of light [63, 68, 71, 83-98]. However, 

engineering rhodopsins with improved photocurrent amplitude and a desired spectral 

sensitivity has been challenging. Because rhodopsins require highly accurate but 

extremely low-throughput patch clamp electrophysiology to characterize, identification 

of novel opsins has typically resulted from targeted mutagenesis based on a rhodopsin’s 

homology with previously engineered rhodopsins [71, 87, 88, 99] or from cloning and 

characterizing opsins from other species [68, 97, 98]. Advancing our ability to engineer 
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optogenetic actuators would result in improved opsins that enable more spatially and 

temporally precise optogenetic perturbations of neural circuits. 

1.3 Challenges in high-throughput evolution of genetically 
encoded sensors 

Like all proteins, changes in the phenotype, or fitness, of genetically encoded 

sensors are manifested at the genotypic level. To synthesize a protein, a gene’s DNA 

sequence is first translated into messenger RNA (mRNA). Depending on the mRNA 

sequence, 1 of 20 possible amino acids will be decoded from each set of three nucleotides 

and sequentially linked to form a polypeptide chain. Each protein is comprised of one or 

more polypeptide chains that can range from dozens to thousands of amino acids. The 

order and identity of these amino acids dictates the protein’s structure and function, and 

changing or mutating an amino acid’s identity can potentially modulate the protein’s 

fitness. Therefore, the most straightforward way to engineer improved proteins is to 

introduce genetic mutations to replace functionally important amino acids with 

alternative amino acids that lead to improved protein fitness.  

However, high-throughput screens of genetically encoded sensors and actuators 

are historically difficult. With 20 possible amino acids at each residue of a protein, a 

library containing saturation mutagenesis at N positions scales with 20N. Because 

genetically encoded sensors and actuators are approximately 250-500 amino acids long, 

this exponential scaling makes it impractical to perform saturation mutagenesis on a 

substantial fraction of a genetically encoded sensor’s sequence in a single screen.  Even if 
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an experimentalist identified only 4-5 targeted positions for mutagenesis, the scaling of 

possible amino acid combinations saturates existing screening capacities. Additionally, 

because many biosensors require localized expression to properly function and require 

in situ stimuli to assess dynamic properties such as ligand-concentration-dependent 

changes in brightness and kinetics, they must be characterized in live, mammalian cells. 

This makes traditional directed evolution screening methods such as phage display 

[100], yeast display [101], or fluorescence-activated cell sorting (FACS) [102] inapplicable 

to this class of tools. The exponential scaling of library size and necessity of screening in 

live cells makes a comprehensive screen of genetically encoded sensor libraries 

containing more than 2 or 3 simultaneously mutated amino acids restrictively time and 

labor intensive. Realistically, a single researcher could clone and characterize several 

dozen variants every two weeks, which makes a complete scan of genetically encoded 

sensors’ entire sequence space unfeasible. 

Several strategies can aid protein engineers’ design of libraries and screening 

strategies, enabling them to effectively develop enhanced biosensors without requiring 

low-throughput characterization of every possible mutation. Two major strategies for 

improving protein function are often employed. First, directed evolution of a library 

with random mutations enables high-throughput screens of up to hundreds of 

thousands of mutants per round. Recent studies have employed robotic [21], 

photoinducible [103, 104], or microfluidic-based methods [105, 106] to select cells 
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expressing favorable variants. However, the sequence of individual mutants is divorced 

from their fitness during library enrichment, and mutations are only recovered for a 

select few variants. This represents an extremely limited exploration of a sensor’s fitness 

landscape, making it difficult to link genotype to phenotype of libraries of genetically 

encoded sensors. Alternatively, site-directed mutagenesis focuses on targeted 

modifications but requires low-throughput techniques to characterize each mutant [107]. 

1.4 Research aims 

In this dissertation, we employed both small- and large-scale screening strategies 

to engineer novel genetically encoded tools. We developed both a genetically encoded 

sensor and optogenetic actuator by screening a modest number of candidate proteins 

with modifications to a critical region of the construct. We developed a novel method to 

perform large-scale engineering of genetically encoded indicators that enables 

researchers to cover a diverse sequence space and correspond the genotype to 

phenotype for each mutation.  

First, we developed the fast, highly sensitive, red fluorescent voltage indicator 

Ace-mScarlet. At the time of development, red fluorescent voltage indicators were 

relatively underdeveloped compared to green fluorescent protein (GFP)-based 

sensors [108]. GFP-based sensors were typically more sensitive than their red 

counterparts, and red fluorescent protein (RFP)-based sensors were more challenging to 

develop due to the relatively low stability of circular permutations of bright RFPs [17]. 
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Development of a high-performing red GEVI would expand the spectral diversity of this 

class of sensors, which would enable parallelizable, multi-channel neuroscience 

experiments. This class of multichannel experiments could comprise simultaneous 

recordings of multiple neural populations with high temporal resolution using both a 

green and red GEVI or simultaneous recording and activation of neural activity in 

conjunction with a blue-light-activated channelrhodopsin. We developed Ace-mScarlet, 

which provided an optical readout of neuronal membrane voltage due to FRET between 

the bright, red fluorescent protein mScarlet [109] and the voltage sensitive Ace2N 

domain [49]. Upon membrane depolarization, Ace2N’s absorption increases, which 

results in an increase in FRET from mScarlet to Ace2N. To optimize the FRET efficiency 

between these domains, we screened peptide linkers with various compositions and 

lengths to modify the distance between Ace2N and mScarlet. This red GEVI supports 

high fidelity recordings of sub- and suprathreshold neural activity, multichannel 

recordings in a green and red fluorescence channel with the calcium sensor 

GCaMP6f [14], and simultaneous voltage imaging and optogenetic excitation of the 

blue-light-activated rhodopsin CheRiff [67] with minimal crosstalk. 

Second, we developed an optogenetic actuator, ChroME-mTFP, which took 

advantage of FRET between the blue-light-activated fluorescent protein mTFP [110] and 

a mutant of the cyan-light-activated rhodopsin Chronos with enhanced photocurrent, 

ChroME [71]. Historically, re-engineering the spectral sensitivity of a rhodopsin has 
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been difficult without adversely affecting its photocurrent amplitude. By utilizing FRET 

between mTFP and ChroME, we presented a strategy that is relatively straightforward 

to engineer and enabled high efficiency excitation of a rhodopsin at wavelengths shorter 

than the native spectrum’s peak. We also demonstrated for the first time that FRET 

between a fluorescent protein and compatible rhodopsin could be modulated through 

engineering the interface between the two domains, and our best performing construct 

achieved a 50 nm shift in ChroME’s peak activation wavelength without a significant 

decrease in peak photocurrent. However, this construct’s utility in multichannel 

experiments was limited, and full spectral compatibility between this construct and 

green-light-activated sensors requires further engineering of the rhodopsin’s native 

spectrum. 

Third, we developed a platform for screening genetically encoded indicators that 

increased the throughput of screening a library with random mutations at rationally 

motivated positions by an order of magnitude compared to previous methods. The 

platform facilitated site-directed saturation mutagenesis, high-throughput optical 

screening, and in situ sequencing to cover the amino acid space of a mutated region of a 

biosensor more comprehensively in a single experiment. This platform allowed us to 

identify variants with enhanced performance, generate a fitness landscape describing 

the relationship between each variant’s sequence and function, and train a machine 

learning model to accurately predict the fitness of unscreened variants.  
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The implementation of this platform required three main technical advances. 

First, we validated a delivery strategy to limit the expression of one candidate gene per 

cell via electroporation of a plasmid encoding the sensor library. While other non-viral 

delivery methods have previously been employed to screen genetically encoded sensors, 

these strategies resulted in nearly 1/3 of cells co-expressing multiple plasmids [21]. 

Second, we developed an imaging strategy to record the fluorescence of thousands of 

cells at once and optically sequence mutations to the parent gene. While previous 

studies have enabled optical sequencing of single or adjacent mutations on a target 

gene [111, 112], our modifications to these approaches enabled us to detect mRNA 

transcripts at low copy number and enabled us to sequence combinatorial mutations at 

two distinct locations on the gene successively. Third, we developed an image 

processing pipeline that utilized two neural networks to segment individual cells in each 

image, identify bases in each sequencing cycle, and register the performance of each 

sensor variant to its sequence. This expansion in ability to explore the amino acid space 

of the mutated region provided unprecedented insight into the effects that combinatorial 

mutations have on sensor performance and enabled more accurate in silico design of 

high performing sensors in subsequent rounds of evolution. We validated this strategy 

by engineering the green fluorescent acetylcholine sensor GACh3.0 [27], but this 

platform will likely be generalizable to a wide variety of protein tools.  
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2. A high-speed, bright, red fluorescent voltage sensor 
to detect neural activity 

Genetically encoded voltage indicators (GEVIs) have emerged as a technology to 

optically record neural activity with genetic specificity and millisecond-scale temporal 

resolution using fluorescence microscopy. GEVIs have demonstrated ultra-fast kinetics 

and high spike detection fidelity in vivo, but existing red fluorescent voltage indicators 

fall short of the response and brightness achieved by green fluorescent protein-based 

sensors. Furthermore, red fluorescent GEVIs suffer from incomplete spectral separation 

from green sensors and blue-light-activated optogenetic actuators. We have developed 

Ace-mScarlet, a red fluorescent GEVI that fuses Ace2N, a voltage-sensitive inhibitory 

rhodopsin, with mScarlet, a bright red fluorescent protein (FP). Through fluorescence 

resonance energy transfer (FRET), our sensor detects changes in membrane voltage with 

high sensitivity and brightness and has kinetics comparable to the fastest green 

fluorescent sensors. Ace-mScarlet’s red-shifted absorption and emission spectra facilitate 

virtually complete spectral separation when used in combination with green fluorescent 

sensors or with blue-light-sensitive sensors and rhodopsins. This spectral separation 

enables both simultaneous imaging in two separate wavelength channels and high-

fidelity voltage recordings during simultaneous optogenetic perturbation. 

2.1 Introduction 

Genetically encoded voltage indicators (GEVIs) are a promising technology to 

probe neural circuitry and function. GEVIs enable recordings of neural activity with a 
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combination of parallelism, relative non-invasiveness, temporal precision, and cell-type 

specificity [113-117]. If paired with the appropriate optics, existing GEVIs can 

simultaneously report voltage from dozens of neurons in a single field of view both in 

vitro [118] and in vivo [23]. Recently developed GEVIs have millisecond timescale 

responses capable of producing high signal-to-noise ratio (SNR) readouts of single 

action potentials firing at frequencies as high as 100 Hz [18, 49, 50, 108]. These tools are 

particularly advantageous for applications that quantify the number of spikes or the 

relative timing of spikes from individual neurons [23]. Furthermore, GEVIs enable 

cell-type specific experiments that investigate ensemble dynamics and spiking patterns 

from targeted, genetically defined subpopulations of cells [53]. However, existing GEVIs 

have the brightness and sensitivity to image only moderate numbers of neurons in a 

single field of view with cellular resolution. Therefore, it has been a longstanding goal of 

the neuroscience community to advance the signal-to-noise ratio of GEVIs in order to 

facilitate imaging an increased number of neurons with enhanced voltage sensitivity. 

Recent generations of GEVIs have iteratively improved in key metrics such as 

sensitivity, brightness, and kinetics. One broad family of GEVIs is the series of sensors 

that fused a green fluorescent protein (GFP) to a variety of voltage sensing domains 

(VSDs) to produce bright emission that relayed the action of the VSD. These sensors 

have reported action potentials from neurons in culture, in slice, and in vivo. Existing FP 

configurations include: Voltage Sensitive Fluorescent Proteins (VSFPs) [52] – a series of 
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sensors that fused a voltage-sensitive phosphatase domain from Ciona intestinalis 

(CiVSP) to a fluorescent protein, including the first single-fluorescent protein GEVI, 

VSFP3.1 [119, 120], Arclight [121] – a sensor that fused a pH-sensitive mutant of GFP to 

CiVSP; Accelerated Sensor of Action Potentials (ASAP) [16, 18, 26] – a sensor that 

inserted a circularly permuted super-folder GFP into a voltage-sensitive phosphatase 

domain to improve kinetics and sensitivity, and FRET-opsins – a recent class of sensors 

that takes advantage of FRET between a bright fluorescent protein and voltage-sensitive 

rhodopsin to produce sub-millisecond sensor kinetics [49]. Overall, the state-of-the-art 

green fluorescent GEVIs can detect spikes with temporal precision that approaches the 

theoretical limit set by photon shot noise in multiple in vivo systems [54, 122].  

While GEVIs based on green fluorescent proteins and various voltage-sensitive 

domains have demonstrated fast kinetics and high spike detection fidelity in vivo, one 

element of the GEVI toolset that requires additional development is the class of red 

fluorescent GEVIs. Expanding the spectral diversity of GEVIs would carry three benefits 

for the neuroscience community. First, a red-shifted fluorescent GEVI capable of 

resolving single action potentials would employ longer excitation and emission 

wavelengths than existing green fluorescent GEVIs; longer wavelength operation would 

support lower phototoxicity and suffer less scattering, allowing deeper imaging in intact 

tissue. Such benefits were previously observed when using red fluorescent calcium 

indicators [13, 17]. Second, a red fluorescent GEVI, in combination with existing green 
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fluorescent GEVIs, would enable investigations of the connections and interactions 

between distinct neural populations when using simultaneous, parallel imaging of two-

color channels. Third, a red fluorescent GEVI, in combination with existing blue-light-

sensitive channelrhodopsins, would enable studies that probe the physiological effects 

of optical neural circuit manipulations. Photocurrent crosstalk in simultaneous imaging 

and optogenetic perturbation experiments is defined as the direct excitation of the 

rhodopsin via the voltage sensor illumination or from photocurrent driven by the 

voltage sensor itself. Simultaneous, spectrally separable optogenetic control and voltage 

imaging minimizes photocurrent crosstalk and thus prevents inadvertent influences on 

endogenous spiking activity.  

Multiple red fluorescent GEVIs exist, but they often lag behind their green 

fluorescent counterparts in at least one key metric. The class of Archaerhodopsin (Arch)-

based sensors is one promising class of red fluorescent sensors. Because these Arch-

based sensors have far-red emission, they are spectrally well separated from existing 

green fluorescent sensors or light-activated ion channels. The first iteration of Arch 

sensors [123] demonstrated large changes in fluorescence in response to changes in 

membrane potential, but had slow kinetics, which limited their ability to record fast 

trains of action potentials. Further engineering of this class of sensors improved 

fluorescence and kinetics but required high excitation intensity (800-8000 mW/mm2) to 

image [21, 67, 124, 125]. Such high imaging intensities thus present challenges when 
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scaling the optical recording to multiple neurons [67, 118]. An alternate class of red 

fluorescent GEVIs employed bright fluorescent proteins as the sensor readouts. For 

example, FlicR1 [108] fused CiVSP to a circularly permuted mApple. This sensor 

demonstrated relatively high voltage sensitivity in culture and mouse brain slice. More 

recently, a high-throughput screening process developed VARNAM [50], a fusion of the 

Ace-D81S rhodopsin voltage sensing domain and mRuby3. These red fluorescent GEVIs 

produced high SNR recordings at low to moderate excitation powers (15-100 mW/mm2). 

However, each of these red GEVIs experiences crosstalk photocurrent between the 

imaging and excitation light sources when used in conjunction with blue-light-activated 

rhodopsins. This photocurrent crosstalk arises from either direct excitation of the GEVI’s 

fluorophore by blue light (FlicR1) or weak activation of the rhodopsin by the yellow-

green imaging illumination (VARNAM).  

In this work, we developed Ace-mScarlet, a red fluorescent GEVI that enables 

photocurrent-free, high SNR voltage imaging at red wavelengths. Like in the 

development of early red GECIs, we took advantage of an established sensing domain 

and optimized its performance with a red fluorescent protein [11, 13]. Ace-mScarlet 

operates under the FRET-opsin mechanism employed by several existing GEVIs [49, 50, 

126]. This configuration produces a fast, nearly linear change in fluorescence in response 

to changes in membrane potential; the sensor reported action potentials in vitro with 

high brightness and sensitivity. When paired with appropriate optical design and 
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existing proteins sensors or actuators, this new sensor enabled spectrally separated 

two-channel experiments such as multispectral imaging and simultaneous optogenetic 

“reading-and-writing” free of crosstalk photocurrent. 

2.2 Materials and methods 

2.2.1 Plasmid construction 

We constructed all Ace-mScarlet plasmids using overlap PCR to introduce 

specific peptide linkers between Ace2N and mScarlet. All constructs except FlicR1 were 

expressed in a lentivirus backbone under the CamkIIα promoter. A second overlap 

assembly was used to fuse the TS-ER sequence [127] to the 3’ end of all Ace-mScarlet 

variants. FlicR1 was expressed under the CAG promoter in a pcDNA3.1 backbone to 

increase expression to detectable levels at lower excitation power. 

2.2.2 Cell culture and transfection 

HEK293T cells were cultured in Dulbecco Modified Eagle Medium (DMEM) 

supplemented with 10% fetal bovine serum (FBS) and 1% streptomycin. We transfected 

HEK293T cells with Lipofectamine 1-2 days after passaging and imaged them 2 days 

post-transfection. 

We dissected rat hippocampal neurons from postnatal day 0 Sprague-Dawley 

pups (Charles River Labs) and cultured them in Neurobasal Media A supplemented 

with GlutaMAX and B-27 Supplement. We transfected neurons using calcium phosphate 
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3 days after plating. We then imaged and patched these neurons 3-5 days post-

transfection. 

2.2.3. Electrophysiology 

We applied various current and voltage waveforms to whole-cell patched 

HEK293T cells and cultured rat hippocampal neurons using an Axon Digidata 1550A 

(Axon Instruments) digitizer, Multiclamp 700A amplifier (Axon Instruments), and 

pClamp software. In HEK cells, we applied voltage steps in 20 mV increments from 

–70 mV to +150 mV relative to a –65 mV holding potential. In neurons, we applied 

300 ms pulses of current steps ranging from 10-100 pA followed by suprathreshold, 2 ms 

pulses of current ranging from 300 to 1500 pA at 8 Hz for 700 ms. Stimulus artifacts in 

simultaneous voltage and calcium imaging electrophysiology traces have been manually 

removed. 

All samples were mounted in a perfusion chamber in which the extracellular 

media was kept at 22°C and consisted of 150 mM NaCl, 4 mM KCl, 10 mM glucose, 

10 mM HEPES, 2 mM CaCl2, and 2 mM MgCl2. The intracellular solution contained 

129 mM K-gluconate, 10 mM KCl, 10 mM HEPES, and 4 mM Na2ATP. We applied a post 

hoc correction for the junction potential.  

2.2.4. Optics 

We used a 40x 0.8 NA water immersion objective (Nikon) for all imaging. We 

imaged cells at 400 Hz using an sCMOS camera (QImaging, OptiMOS). We imaged Ace-
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mScarlet and VARNAM with a 565 nm LED (Thorlabs, M565L3) with an intensity of 

10 mW/mm2 at the sample plane. We imaged FlicR1 using a 532 nm laser (Thorlabs, 

CPS532) with an intensity of 100 mW/mm2 at the sample plane. To image each red 

fluorescent sensor, we used a Nikon G-2E/C filter cube containing a 540/24 nm excitation 

filter, 565 nm long pass dichroic mirror, and 620/60 nm emission filter. To image Ace2N-

mNeon, we used a 490 nm LED (Thorlabs, M490L4) with an intensity of 10 mW/mm2 at 

the sample plane and a Nikon B-2E/C filter cube containing a 480/30 nm excitation filter, 

505 nm long pass dichroic mirror, and a 535/40 nm emission filter. 

For simultaneous dual-channel imaging experiments, we used the same 565 nm 

LED and 490 nm LED as above to image Ace-mScarlet and GCaMP6f, respectively. 

These LEDs passed through a 585/11 nm excitation filter (Semrock, FF01-585/11-25) and 

475/28 nm excitation filter (Semrock, FF01-475/28-25), respectively. The blue light 

intensity was 10 mW/mm2 at the sample plane, while the yellow light intensity was 

7 mW/mm2 at the sample plane. Emitted fluorescence passed through a multiband 

dichroic mirror (Semrock, FF409/493/596-Di02-25x36) before entering a Photometrics 

DV2 channel splitter, which separated green and red emission via a 565 nm long pass 

dichroic mirror (Chroma, T565lpxr). The green fluorescence passed through a 525/45 nm 

emission filter (Semrock, FF01-525/45-25), while the red fluorescence passed through a 

641/75 nm emission filter (Semrock, FF01-641/75-25).  
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For simultaneous optogenetic stimulation of CheRiff and voltage imaging with 

Ace-mScarlet, we applied 2 ms pulses of 450 nm LED (Thorlabs, M450LP1) light at 8 Hz 

for 700 ms with an intensity of 1.5 mW/mm2 at the sample. The blue excitation light 

passed through a 436/20 nm excitation filter (Chroma, ET436/20x) and reflected off a 

511 nm long-pass dichroic mirror (Semrock, FF511-Di01-25x36) to join with the Ace-

mScarlet excitation path. We imaged Ace-mScarlet using the same LED, light intensity, 

and excitation/emission filters as in the dual-channel imaging experiments. 

2.2.5. ΔF/F0 and SNR calculation 

We defined ΔF/F as the difference between the fluorescence during an applied 

voltage step and at rest. For all recordings, we defined the shot-noise limited SNR as 

Δ𝐹/𝐹 × √𝐹0. To calculate the SNR for each cell, we generated a mask using the top 30% 

of pixels by measured by SNR on a pixel-wise basis. These pixels then generated the 

fluorescence traces for all Ace-mScarlet, Ace2N-mNeon, VARNAM, and FlicR1 cells; 

these traces then produced the sensor ΔF/F0 and F0. For GCaMP6f data, we manually 

drew masks over the cell to produce the fluorescence traces. 

To determine the theoretical false positive rate of our sensor, we used an 

established parameter from signal detection theory d’ [54]. This metric considers not 

only ΔF/F, but the shape of the action potential waveform and shot noise of the imaging 

system to produce a more comprehensive measure of spike detection fidelity than SNR 

alone. 
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2.2.6. FRET efficiency estimate 

Based on Ace2N-mNeon’s measured FRET efficiency using fluorescence-lifetime 

imaging microscopy [128], we estimated Ace-mScarlet’s FRET efficiency based on the 

following FRET equations: 

 
𝐸 =

1
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)
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where 𝜅2 represents the dipole orientation factor between the FRET donor and acceptor, 

𝑄𝐷 is the quantum yield of the donor, n is the index of refraction of the medium, and  

 𝐽 = ∫𝑓𝐷̅̅ ̅ (𝜆)𝜖𝐴(𝜆)𝜆
4𝑑𝜆 (3) 

represents the overlap between the normalized FRET donor emission spectrum (𝑓𝐷̅̅ ̅(𝜆)) 

and the FRET acceptor absorption spectrum (𝜖𝐴). We based our estimate of Ace-

mScarlet’s FRET efficiency on the differences between mNeonGreen’s and mScarlet’s 

quantum yields, each FP’s emission spectra’s overlap with Ace’s absorption spectrum, 

and the assumption that the dipole orientation factor 𝜅2 and distance between the FRET 

domains remains constant. 

2.2.7 Transient artifact subtraction from mScarlet blue-light excitation 

We recorded the fluorescent artifact in HEK293T cells expressing mScarlet in the 

same dual channel stimulation and imaging configuration described above; we used the 
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same LEDs, filters, recording rates, and 1 ms or 10 ms pulses of blue light. We then 

identified the camera frames (recorded at 400 Hz) with fluorescent artifacts and matched 

them to the onset of the blue stimulation light (recorded at 10 kHz) driven by the patch-

clamp protocol.  

 

Figure 4: Optical crosstalk caused low excitation of mScarlet by blue light. 

Individual (gray) and average (red) fluorescent artifacts caused by direct excitation of 

mScarlet by 1 ms pulses of 450 nm light (left; n = 15 cells, 450 pulses of light) and 

10 ms pulses of 450 nm light (right; n = 15 cells, 450 pulses of light). The full width at 

half maximum (FWHM) of the average artifact is 3.0 ms for 1 ms pulses of light and is 

12.7 ms for 10 ms pulses. 

We averaged these individual artifacts to generate an artifact template waveform 

elicited by either the 1 ms and 10 ms pulses of blue light (Figure 4). We then corrected 

fluorescence traces from dual channel stimulation and imaging experiments in neurons 

using the template waveform in four steps.  
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Figure 5: We interpolated the fluorescence artifact template waveform to the 

corresponding frames in the fluorescence trace based on the offset between the blue 

LED onset and camera frames. The gray diamonds superimposed on the template 

waveform are a representative interpolation matched to one specific fluorescence 

artifact (left). We scaled the interpolated template to the maximum value of the 

artifact in the fluorescence trace, aligned this scaled template to the onset of the blue 

LED (center) and subtracted this scaled, interpolated template from the trace (right). 

First, we again used the fast, electronic activation signal of the LEDs as the 

temporal reference to accurately locate the onset of the fluorescence transient. Second, 

we used the temporal offset between the onset of the blue LED and the subsequent 

camera frame to interpolate this high acquisition rate template waveform acquired at 

10 kHz to the fluorescence waveform acquired at 400 Hz (Figure 5). Third, we matched 

the interpolated template to the maximum value of the fluorescence trace within the 

onset of the blue LED. Finally, we subtracted the template waveform from the selected 

frames (Figure 6), which significantly decreased noise caused by these fluorescence 

artifacts (Figure 7). 
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Figure 6: Our semi-blind algorithm removed fluorescence artifacts from Ace-

mScarlet fluorescence traces. Fluorescence trace of a spiking neuron co-expressing 

Ace-7aa-mScarlet and CheRiff before (top) and after (middle) artifact subtraction. The 

electrophysiology is shown in black (bottom). 

 

Figure 7: Distributions of the ΔF/F noise from the frames that encompass the 

blue-light-elicited transient artifact before and after correction (n = 15 cells, 450 

spikes) for 1 ms pulses (left) and 10 ms pulses (right) of 450 nm light. For 1 ms pulses, 

our artifact subtraction algorithm removes the stimulation artifact by improving the 

frames’ ΔF/F distribution during 1 ms blue light excitation from ΔF/F = 2.3 ± 3.7% 

without correction to –0.1 ± 0.8% with correction (mean ± s.d.). The baseline noise for 

these recordings was –0.02 ± 0.6% (mean ± s.d.). For 10 ms pulses of 450 nm light, our 

algorithm improves the frames’ ΔF/F distribution during blue light excitation from 

ΔF/F = 5.9 ± 5.8% to –0.4 ± 3.8% (n = 6 cells, 180 spikes; mean ± s.d.). The baseline noise 

for these recordings was –0.3 ± 0.6% (mean ± s.d.). 
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2.3 Results 

2.3.1 Ace-mScarlet, a FRET-based red GEVI, exhibits high voltage 
sensitivity in HEK293T cells 

Our construct’s design was inspired by the FRET-opsin configuration used in the 

development of Ace2N-mNeon [49], which took advantage of fluorescence resonance 

energy transfer (FRET) between the fast, voltage-sensitive rhodopsin Ace and bright, 

green fluorescent protein mNeonGreen. This FRET configuration enables voltage-

sensitive changes in emission intensity. Ace2N-mNeon owes its high spike detection 

fidelity and speed to Ace’s high voltage sensitivity and sub-millisecond kinetics. We 

adopted the same sensor architecture by using Ace2N for our new construct and fused it 

to the bright, red fluorescent protein mScarlet (Figure 8). 

 

Figure 8: The structure and spectra of Ace-mScarlet and spectra of the 

constituent domains. Top: Ace-mScarlet includes Golgi trafficking and endoplasmic 

reticulum export (TS-ER) sequences that improve membrane-localized expression. 

Left: Ace2N quenches a proportion of mScarlet’s emitted photons via FRET. 

Right: The absorption spectrum of Ace2N and emission spectra of mNeon and 

mScarlet have high overlap, potentially leading to high FRET efficiency. 
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Like Ace2N-mNeon, Ace-mScarlet’s voltage sensitivity depends on the FRET 

efficiency between the voltage-sensitive acceptor and fluorescent protein donor; an 

increase in a neuron’s membrane potential increases Ace’s absorbance, which results in 

higher quenching of mScarlet’s emission (Figure 9).  

 

Figure 9: Ace-mScarlet senses membrane depolarization with increases in 

FRET and decreases in mScarlet emission. Left: Fluorescence from a HEK293T cell 

expressing Ace-mScarlet; illumination intensity = 10 mW/mm2; Right: ΔF/F response 

of the same cell to a +100 mV depolarizing voltage step. Scale bar: 10 μm. 

In addition to high voltage sensitivity, Ace2N drives virtually no steady-state 

photocurrent, consistent with previously developed GEVIs that employ Ace 

mutants [49, 50] (Figure 10). 

 

Figure 10: GEVIs drive low, transient photocurrent and almost no steady-state 

photocurrent. Average photocurrent (solid lines) elicited by 100 ms pulses of 565 nm 
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light in HEK293T cells expressing Ace-7aa-mScarlet (left; n = 12 cells, 120 pulses of 

light) and VARNAM (middle; n = 12 cells, 120 pulses of light) or by 490 nm light in 

HEK293T cells expressing Ace2N-mNeon (right; n = 8 cells, 80 pulses of light). The 

average steady-state photocurrent is –1.8 ± 0.9 pA for Ace-mScarlet (n = 12 cells; 

mean ± s.d.), –1.9 ± 2.5 pA for VARNAM (n = 12 cells; mean ± s.d.), and –1.0 ± 1.1 pA for 

Ace2N-mNeon (n = 16 cells; mean ± s.d.) and p > 0.05 for all pairwise comparisons of 

these sensors’ steady-state photocurrent (two-sided Wilcoxon rank test). 

Shaded regions represent mean ± s.d. 

The voltage sensitivity of FRET-opsin sensors depends critically on the baseline 

FRET efficiency. Previous fluorescence-lifetime microscopy measurements 

experimentally found that Ace2N-mNeon’s FRET efficiency is 25% [128]. Using this 

figure and mScarlet’s photophysical properties, we predicted that Ace-mScarlet’s FRET 

efficiency is slightly lower at 19% (Methods). This slight decrease in FRET efficiency 

results from multiple competing factors. Ace’s peak absorption is better aligned with 

mNeonGreen than with mScarlet, suggesting that Ace-mScarlet’s FRET efficiency would 

be lower than Ace2N-mNeon’s FRET efficiency. This effect is balanced both by Ace’s 

broad absorption spectrum and by the spectral overlap integral’s stronger weighting of 

longer wavelengths. In addition, mNeonGreen has a higher quantum yield (0.80) 

compared to mScarlet (0.70) [109, 129]. Nevertheless, the two fluorescent proteins have 

comparable quantum yield, and mScarlet has the highest quantum yield among all 

monomeric red fluorescent proteins [109]. 

We next engineered the baseline FRET efficiency by modulating the distance 

between the Ace2N acceptor and fluorescent protein donor; FRET efficiency, and thus 

voltage sensitivity, increases as the distance between domains decreases. Manipulating 
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this separation introduces a trade-off between voltage sensitivity and baseline 

brightness: short linkers facilitate high FRET, and therefore increase sensitivity, while 

long linkers sacrifice sensitivity for brightness. We sought to optimize this trade-off to 

maximize our sensor’s SNR, defined as Δ𝐹/𝐹 × √𝐹0 where ΔF/F is the relative change in 

fluorescence produced by a defined change in voltage and F0 is the sensor’s baseline 

fluorescence. To maximize Ace-mScarlet’s SNR, we screened peptide linkers ranging 

from 1 to 18 amino acids to manipulate the distance between Ace and mScarlet (Table 1). 

Table 1: Linker compositions of Ace-mScarlet variants. 

Variant Peptide linker amino acids 

Ace-1aa-mScarlet L 

Ace-2aa-mScarlet LR 

Ace-3aa-mScarlet MLR 

Ace-4aa-mScarlet KMLR 

Ace-5aa-mScarlet MLRSL 

Ace-6aa-mScarlet KMLRSL 

Ace-7aa-mScarlet KMLRSGL 

Ace-8aa-mScarlet KMLRGSGL 

Ace-9aa-mScarlet RARDPPVAT 

Ace-18aa-mScarlet MKASSRRTISQNKRRHVV 

 

We expressed each variant in Human Embryonic Kidney (HEK293T) cells under 

the CamKIIα promoter within a lentiviral backbone [49] and tested their voltage 

sensitivities using whole-cell patch clamp under 565 nm illumination light at 



 

34 

10 mW/mm2. We applied a series of 20 mV voltage steps ranging from –70 mV to 

+150 mV relative to a –65 mV holding potential. These fluorescence responses to voltage 

steps revealed each variant’s ΔF/F response per 100 mV (Figure 11).  

 

Figure 11: Ace-mScarlet variants with different peptide linkers trade off 

brightness for sensitivity as the linker length increases. Diamonds represent the 

average peak fluorescence response to a +100 mV step (from –70 mV to +30 mV) vs. 

brightness for individual HEK293T cells expressing Ace2N-mScarlet variants with 

linkers ranging from 1 to 18 amino acids, (1aa, n = 23; 2aa, n = 22; 3aa, n = 33; 4aa, n = 21; 

5aa, n = 39; 6aa, n = 22; 7aa, n = 52; 8aa, n = 52; 9aa, n = 24; 18aa, n = 23 cells), Ace-D81S-

mScarlet variants with linkers ranging from 3 to 9 amino acids (3aa, n = 14; 6aa, n = 35; 

7aa, n = 23; 8aa, n = 24; 9aa, n = 54 cells), Ace2N-mNeon (n = 23 cells), VARNAM 

(n = 42 cells), and FlicR1 (n = 30 cells). Dashed lines represent SNR isocontours. Points 

and error bars are mean ± s.e.m. 

Ace-mScarlet exhibited a nearly linear relationship between membrane voltage 

and fluorescence for all variants. The trend between sensor brightness, voltage 

sensitivity, and linker length maps out the expected trade-off: the shortest linker variant 

produced the most sensitive response: –14.9 ± 0.8% ΔF/F (mean ± s.e.m.; n = 23) per 
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100 mV. The longest-linker variant produced the brightest baseline fluorescence with 

moderately less sensitivity (Figure 12).  

 

Figure 12: The peak fluorescence response of Ace-mScarlet decreases nearly 

linearly as a function of membrane voltage (left; mean ± s.d.). The peak fluorescence 

response to a +100 mV step (from –70 mV to +30 mV) vs. brightness for HEK cells 

expressing Ace-7aa-mScarlet and Ace-8aa-mScarlet (n = 52 cells), Ace2N-mNeon 

(n = 23 cells), VARNAM (n = 42 cells), and FlicR1 (n = 30 cells) (right). Ace-7aa-

mScarlet and Ace-8aa-mScarlet exhibited the highest SNR of all red GEVIs tested. 

Points and error bars are mean ± s.e.m. Dashed lines represent SNR isocontours. 

We focused our characterization on two specific Ace-mScarlet variants – the 

seven amino acid linker (KMLRSGL) and eight amino acid linker (KMLRGSGL) variants 

were simultaneously bright and sensitive. The combination of high voltage sensitivity 

and brightness from the seven and eight amino acid linker variants together yielded 

superior SNR compared to other variants: 57.3 ± 2.5 (mean ± s.e.m.; n = 52) and 52.7 ± 2.4 

(mean ± s.e.m.; n = 52), respectively (p < 0.05 for all variants, two-sided Wilcoxon rank 

test). Due to their high SNR relative to other Ace-mScarlet variants and other red 

fluorescent GEVIs, we used the 7 amino acid linker variant, Ace-7aa-mScarlet, and the 8 

amino acid linker variant, Ace-8aa-mScarlet, for all subsequent experiments. These two 
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variants had comparable voltage sensitivity to each other: in response to a +100 mV 

voltage step, Ace-7aa-mScarlet produced a ΔF/F of –14.6 ± 0.3% (mean ± s.e.m.; n = 52) 

and Ace-8aa-mScarlet produced a ΔF/F of –13.2 ± 0.3% (mean ± s.e.m.; n = 52). However, 

each variant slightly underperformed Ace2N-mNeon’s –17.9 ± 0.7% response 

(mean ± s.e.m.; n = 23). The two constructs had higher sensitivity than other red 

fluorescent GEVIs FlicR1 (Ace-7aa-mScarlet: p = 2×10-10; Ace-8aa-mScarlet: p = 2×10-10; 

one-sided Wilcoxon rank test) and VARNAM (Ace-7aa-mScarlet: p = 1×10-12; Ace-8aa-

mScarlet: p = 8×10-6; one-sided Wilcoxon rank test). The two constructs were also nearly 

as bright as Ace2N-mNeon (Ace-7aa-mScarlet: p = 0.39; Ace-8aa-mScarlet: p = 0.57; one-

sided Wilcoxon rank test) and had similar on- and off-kinetics (Ace-mScarlet: n = 12 for 

each variant; Ace2N-mNeon: n = 16; p > 0.15 for all comparisons, two-sided Wilcoxon 

rank test, Table 2).  

Table 2: Ace-mScarlet has comparable on- and off-kinetics to Ace2N-mNeon. 

 
On-kinetics Off-kinetics 

𝜏fast (ms) 𝜏slow (ms) 𝑃fast (%) 𝜏fast (ms) 𝜏slow (ms) 𝑃fast (%) 

Ace2N-

mNeon 
0.69 ± 0.12 3.9 ± 1.7 70 ± 3.8 1.5 ± 0.33 6.5 ± 1.9 65 ± 4.4 

Ace-7aa-

mScarlet 
0.79 ± 0.18 2.4 ± 0.6 79 ± 1.0 1.1 ± 0.32 8.6 ± 2.8 58 ± 4.4 

Ace-8aa-

mScarlet 
0.80 ± 0.21 4.0 ± 2.0 69 ± 8.3 1.0 ± 0.29 6.9 ± 2.8 53 ± 7.5 
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2.3.2. Ace-mScarlet’s responds to single action potentials with high 
SNR changes in fluorescence in cultured hippocampal rat neurons 

We next characterized the Ace-mScarlet variants with the highest SNR in 

cultured hippocampal rat neurons to evaluate their response to single action potentials. 

Ace-7aa-mScarlet and Ace-8aa-mScarlet tracked individual action potentials with high 

temporal resolution and kinetics comparable to Ace2N-mNeon. Ace-7aa-mScarlet and 

Ace-8aa-mScarlet produced –7.6 ± 0.3% and –6.9 ± 0.3% ΔF/F, respectively 

(mean ± s.e.m.; n = 10). In comparison, VARNAM produced –4.5 ± 0.3% ΔF/F 

(mean ± s.e.m.; n = 10), FlicR1 produced 1.4 ± 0.04% ΔF/F (mean ± s.e.m.; n = 5), and 

Ace2N-mNeon produced –10.5 ± 0.7% ΔF/F (mean ± s.e.m.; n = 10), in response to single 

action potentials (Figure 13). Ace-mScarlet was nearly as bright as Ace2N-mNeon in 

neurons (Ace-7aa-mScarlet: p = 0.35; Ace-8aa-mScarlet: p = 0.25, one-sided Wilcoxon rank 

test).  

 

Figure 13: Ace-mScarlet reports single action potentials in cultured neurons 

with high sensitivity and brightness. Left: Representative fluorescence traces from 

Ace-mScarlet (top) and Ace2N-mNeon (bottom) faithfully track single action 
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potentials and subthreshold changes in potential in simultaneous electrophysiology 

recordings. Right: ΔF/F vs. brightness of Ace-7aa-mScarlet, Ace-8aa-mScarlet, Ace2N-

mNeon, VARNAM (n = 10 neurons each; mean ± s.e.m.) and FlicR1 (n = 5 neurons; 

mean ± s.e.m.) in response to single action potentials. Ace-mScarlet variants had both 

higher sensitivity and brightness than other red GEVIs. Dashed lines represent d’ 

isocontours. 

To comprehensively characterize each sensor’s ability to report action potentials, 

we used an established metric for spike discriminability, d’, which simultaneously 

captures a sensor’s sensitivity, brightness, and kinetics when responding to spikes at the 

shot-noise limit [49, 50, 54]. Ace-7aa-mScarlet and Ace-8aa-mScarlet produced d’ values 

of 79 ± 12 (mean ± s.e.m.; n = 10) and 76 ± 14 (mean ± s.e.m.; n = 10), respectively, a 

testament to their high sensitivity and brightness. Consequently, the increase in Ace-

mScarlet’s d’ corresponds to a predicted combined false positive and negative spike 

detection rate of 2.9×10-47 errors per frame for Ace-7aa-mScarlet and 1.4×10-39 errors per 

frame for Ace-8aa-mScarlet. In traditional metrics of performance, Ace-mScarlet enabled 

action potential detection with SNR = 29 ± 3 (mean ± s.e.m.; n = 10) using the 7aa linker 

variant, and SNR = 26 ± 3 (mean ± s.e.m.; n = 10) using the 8aa linker variant, which were 

approximately 2× higher than that of VARNAM and 14× higher than that of FlicR1. 

2.3.3 Ace-mScarlet enables multispectral voltage imaging with 
simultaneous calcium imaging or optogenetic stimulation 

We next demonstrated the utility of Ace-mScarlet for parallel, spectrally 

multiplexed experiments in combination with green fluorescent sensors or blue-light-

activated channelrhodopsins. These multi-channel voltage imaging applications were 
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not possible when using green fluorescent GEVIs, whose excitation spectra have high 

overlap with existing sensors or rhodopsins. This overlap would introduce high 

fluorescence crosstalk between the excitation and imaging components of dual-channel 

experiments. This fluorescence crosstalk in dual-channel imaging experiments is defined 

as the spectral overlap of the fluorescence signal of each sensor in each imaging channel. 

In simultaneous optogenetic perturbation and imaging experiments, fluorescence 

crosstalk is defined as the direct excitation of mScarlet by the rhodopsin’s blue excitation 

light. Ace-mScarlet, however, reports changes in membrane potential with high SNR 

with red-shifted excitation and emission spectra. This red shift has the potential to 

minimize both fluorescence crosstalk with green fluorescent sensors and photocurrent 

crosstalk with blue-light-excited optogenetic actuators. 

We sought to demonstrate Ace-mScarlet’s spectral separation from green 

fluorescent indicators for simultaneous calcium and voltage imaging. We co-transfected 

dissociated rat hippocampal neurons with the green calcium indicator GCaMP6f [14] 

and Ace-7aa-mScarlet. Using whole-cell current clamp, we applied multiple rounds of 

near-threshold, 2 ms electrical stimuli at 8 Hz. These stimuli produced electrical action 

potentials, which in turn produced distinguishable fluorescence transients within 

GCaMP6f and Ace-mScarlet recordings in the green and red channels, respectively 

(Figure 14). While GCaMP6f produced a temporally broad calcium transient in the green 

imaging channel in response to each burst of spikes, Ace-mScarlet’s fast kinetics 
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distinguished the individual spikes elicited by each of the 8 electrical stimulation pulses 

in the red imaging channel. Furthermore, our voltage indicator reported waveforms 

corresponding to subthreshold voltage fluctuations, while the same transients escaped 

detection by calcium indicators. 

 

Figure 14: Ace-mScarlet enables dual channel experiments using green calcium 

indicators. Ace-7aa-mScarlet (top) and GCaMP6f (middle) facilitate parallel voltage 

and calcium recording in cultured neurons with minimal fluorescence crosstalk. Ace-

mScarlet’s kinetics closely track individual action potentials (bottom) at 8 Hz. 

Another useful capability of high SNR, red fluorescent GEVIs is the ability to 

record changes in membrane voltage elicited by simultaneous optical stimulation via 

optogenetic actuators such as channelrhodopsins with virtually no photocurrent 

crosstalk and minimal fluorescence crosstalk between the rhodopsin’s excitation LED 

and Ace-mScarlet imaging channel. We demonstrate this capability with our 

Ace-mScarlet sensor and the blue-light-sensitive channelrhodopsin CheRiff [67]. We 

co-transfected rat hippocampal neuron cultures with Ace-7aa-mScarlet and 
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CheRiff-EGFP. Rather than imaging Ace-mScarlet at 565 nm as described above, we 

shifted the imaging wavelength to 585 nm. This shift in excitation wavelength 

eliminated incidental excitation of the rhodopsin by the imaging LED while maintaining 

high SNR. Upon blue light excitation, CheRiff drove robust photocurrent, whereas the 

onset of 585 nm light did not elicit photocurrent in CheRiff-expressing cells. We drove 

action potentials in CheRiff-positive neurons using 1 ms pulses of 450 nm light at 

1.5 mW/mm2. Ace-mScarlet produced –4.8 ± 0.1% ΔF/F in response to CheRiff-driven 

action potentials (mean ± s.e.m.; n = 12 cells, 30 spikes per cell, Figure 15).  

 

Figure 15: Ace-mScarlet enables dual channel experiments using blue-light-

activated rhodopsins. Ace-mScarlet produces spikes within corrected fluorescent 

traces (top) that closely match action potentials elicited via optogenetic stimulation of 

CheRiff (bottom) with 8 Hz, 2 ms pulses of blue light. 

Ace-mScarlet’s voltage sensitivity was independent of expression levels between 

neurons co-expressing CheRiff compared to neurons expressing Ace-mScarlet alone 

(Figure 16).  
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Figure 16: Ace-mScarlet’s expression and voltage sensitivity are not 

significantly affected by co-expression with CheRiff. Ace-7aa-mScarlet’s ΔF/F per mV 

(left) and brightness (right) during an action potential in cultured neurons are not 

significantly different when Ace-7aa-mScarlet is expressed by itself or when it is 

expressed simultaneously with CheRiff (n = 8 cells, p > 0.1 for both ΔF/F and 

brightness; two-sided Wilcoxon rank test). Error bars represent mean ± s.e.m. 

We observed transient, positive changes in Ace-mScarlet fluorescence coincident 

with blue light excitation that directly excited mScarlet’s fluorophore. These transients 

were typically between 1 and 15% ΔF/F, but these effects were less pronounced at 

shorter pulse durations and shorter excitation wavelengths. Additionally, mScarlet 

underwent moderate photoswitching upon blue light excitation which caused a slight 

increase in baseline fluorescence (Figure 17).  



 

43 

 

Figure 17: mScarlet undergoes direct excitation and mild photoswitching upon 

blue light illumination. Top: sample fluorescence trace of a HEK293T cell expressing 

CMV-mScarlet upon excitation with 1 ms pulses of 450 nm light at 1.5 mW/mm2 at the 

sample delivered at 8 Hz. Direct excitation of mScarlet causes transient, millisecond-

scale, positive changes in fluorescence. Bottom: the same trace with the transient 

fluorescence removed. mScarlet undergoes mild photoswitching during periods with 

the pulsed blue light excitation, which causes a positive trend in its baseline 

fluorescence. Blue lines represent linear fits to the baseline fluorescence during the 

800 ms periods of pulsed blue light excitation. The average slope of the baseline 

fluorescence during blue light excitation was 0.09 ± 0.09%/s (n = 15 cells, mean ± s.d.). 

Green lines represent linear fits to the baseline fluorescence during the 1100 ms 

periods without blue light excitation. The average mScarlet photobleaching rate in the 

absence of blue light excitation was –0.10 ± 0.06%/s (n = 15 cells, mean ± s.d.). 

To effectively remove these direct excitation artifacts, we applied a blind 

algorithm to correct fluorescence traces (Chapter 2.2.7). In short, this method quantified 

the transient fluorescent artifact for each optical stimulation waveform in HEK293T cells. 

This method then removed artifacts from the optical recordings of action potentials from 

neurons by interpolating the average template and subtracting the average expected 

artifact from the recording. This method generalized to both 1 ms and 10 ms optical 
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stimulation waveforms; it virtually eliminated transient artifacts on average and 

reduced noise evoked by blue light excitation of mScarlet. 

2.4 Discussion 

Ace-mScarlet enables a new class of multispectral and high-speed optogenetic 

experiments on large scales. We can now perform voltage imaging and optogenetic 

stimulation in parallel at moderate excitation powers of 7-10 mW/mm2 with high SNR 

and cellular resolution without unintentionally perturbing the targeted neural 

populations’ intrinsic membrane potential dynamics via photocurrent driven by blue-

light-sensitive rhodopsins upon voltage sensor excitation at steady-state. Upon green-

light excitation, Ace-mScarlet drove small but quantifiable transient photocurrent. 

However, like other FP-based GEVIs that utilize the Ace sensing domain, our sensor 

produced no steady-state photocurrent and thus enables continuous recordings of 

voltage. 

Our advancement will enable a continued trajectory toward simultaneous 

imaging and stimulation of ever larger populations of neurons in culture. Such imaging 

on larger scales will facilitate precise interrogation of neural circuits consisting of 

multiple neural populations. Our ability to perform fully spectrally separable two-

channel experiments at moderate excitation power stems from two properties within 

Ace-mScarlet’s design: 1) the position of mScarlet’s red-shifted absorption spectrum 

relative to the blue-shifted excitation spectrum of the rhodopsin, which minimizes 
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photocurrent crosstalk between the imaging LED and rhodopsin; and 2) complementary 

optical design, which further capitalizes on the separation between CheRiff’s excitation 

spectrum and Ace-mScarlet’s absorption spectrum. 

First, Ace-mScarlet enables a new regime of photocurrent-free voltage sensing 

due to its high spectral separation from blue-light-activated rhodopsins. The pairing of 

Ace-mScarlet with CheRiff supports high intensity excitation of the sensor that achieved 

low shot-noise measurements of voltage while entirely avoiding the activation of 

blue-light-sensitive rhodopsin ion channels. Many previous studies have employed 

several strategies and protein tools to achieve spectral separation between the actuator 

and sensor. For example, the commonly employed pairing of a green sensor with a red-

light-activated rhodopsin enables high SNR imaging at green wavelengths with minimal 

photocurrent crosstalk from green or yellow excitation [75, 130-132]. However, this 

paradigm employs high intensity blue light excitation that could inadvertently activate 

the broad, blue-shifted tail within the excitation spectra of many red-light-sensitive 

opsins even when using wavelengths as short as 490 nm [66, 68].  

Second, our results highlight the importance of optical design in conjunction 

with engineered protein tools. Previous studies employed a red fluorescent sensor and 

blue-light-sensitive rhodopsin, but each of these studies had unique trade-offs in 

performance vs. crosstalk photocurrent. Arch-based sensors had substantial spectral 

separation between the GEVI and channelrhodopsin, which eliminated imaging-induced 
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photocurrent, but required substantially higher imaging excitation powers than FP-

based voltage sensors [21, 67]. Existing red fluorescent FP-based GEVIs imaged voltage 

with high SNR at lower excitation powers than rhodopsin-only GEVIs, but still reported 

tens of picoampere level crosstalk between the stimulation and imaging channels [50, 

108]. This remaining photocurrent crosstalk occurred in part due to the 561 nm imaging 

laser that partially overlapped with the activation spectrum of blue-shifted rhodopsins. 

In this work, we achieve photocurrent-free imaging by taking advantage of 

Ace-mScarlet’s broad excitation spectrum and high brightness with tailored imaging 

design: we imaged our sensor at a wavelength red-shifted and away from mScarlet’s 

peak excitation wavelength. This red-shifted excitation scheme retained high-SNR 

voltage recordings and simultaneously eliminated incidental excitation of the rhodopsin 

by the imaging illumination. Ace-mScarlet improves on the state-of-the-art by achieving 

high SNR recordings of voltage with more flexibility – the high fidelity of Ace-mScarlet 

enables lower, but still relatively high, SNR voltage imaging at sub-optimal excitation 

wavelengths away from the peak excitation wavelength of mScarlet. Our scheme is an 

example of joint optical and protein deployment, where spectral design takes advantage 

of the protein sensor’s broad excitation spectrum and high brightness. In the future, the 

continued improvement of GEVIs’ photophysical properties will thus also engender 

concomitant improvements in optical design that take advantage of these properties. 
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Although the pairing of a blue-light-sensitive ion channel and red sensor greatly 

reduced the possibility for photocurrent crosstalk from the sensor excitation to the 

stimulation channel, the pair increased the possibility for the optical stimulation 

excitation to introduce fluorescence crosstalk artifacts into the imaging channel. We 

observed these low amplitude, transient increases in the fluorescence of the red imaging 

channel during blue light stimulation of our rhodopsin. These transients are due to 

mScarlet’s non-negligible absorption at blue wavelengths. While these transients had 

consistent temporal profiles, their amplitude varied depending on excitation power, 

duration, excitation wavelength, and mScarlet’s expression level from cell to cell. To 

address this fluorescence crosstalk caused by direct excitation of mScarlet by blue light, 

we developed a generalizable, blind algorithm that automatically predicts the 

occurrence of fluorescence artifacts. We characterized fluorescence transients elicited by 

pulses of 450 nm light. We then applied our strategy to remove artifacts originating from 

these defined optogenetic manipulations (Chapter 2.2.7). Because our method 

successfully removed artifacts originating from both low intensity, long duration or high 

intensity, pulsed stimuli, our method is likely generalizable when correcting for artifacts 

originating from arbitrary stimulation patterns generated by the experimentalist.  

Our configuration of Ace-mScarlet accesses one specific regime within the trade-

off between sensitivity and brightness associated with all FRET-opsin sensors but 

maximized SNR within this trade-off. Overall, the maximum SNR of the Ace-mScarlet 



 

48 

variants was lower than that of the Ace2N-mNeon variants. This decrease in SNR is 

most likely due to Ace and mScarlet having lower FRET efficiency than Ace and mNeon. 

Such a photophysical behavior is expected for two reasons: Ace’s absorption spectrum 

better overlaps with mNeon than with mScarlet, and mNeon’s quantum yield is higher 

than that of mScarlet. Nevertheless, we surprisingly observed statistically comparable 

brightness between Ace2N-mNeon and Ace-mScarlet. We rationalize this observation as 

a result of the two sensors’ different linkers between the rhodopsin and fluorescent 

protein. Ace-mScarlet employs a longer peptide linker (7-8 amino acids) between the 

FRET acceptor and donor domains than Ace2N-mNeon (2 amino acids). The longer 

optimal linker length of Ace-mScarlet thus produced a sensor that favored brightness as 

opposed to FRET efficiency or voltage sensitivity. Overall, the optimal linker lengths of 

the Ace-mScarlet and Ace2N-mNeon variants suggest that different steric considerations 

arise from using various fluorescent protein donors in the FRET-opsin configuration. 

These considerations result in optimal sensors in different regimes of the brightness vs. 

sensitivity trade-off. 

Ace-mScarlet expands the growing family of red GEVIs and more accurately 

detects spikes than previously developed red GEVIs. Although its relative response to 

single action potentials is only a modest increase relative to state-of-the-art red GEVIs, 

Ace-mScarlet’s enhanced brightness facilitates significantly higher SNR. This high SNR 

results in a linear increase in spike detection fidelity (d’) [54]. Such linear increases in d’ 
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significantly reduce the errors associated with detecting false spikes or failing to detect 

true spikes by orders of magnitude – the false positives and false negative rates decrease 

super-exponentially with d’. For example, Ace-mScarlet’s two-fold increase in SNR over 

VARNAM translates to over 30 orders of magnitude lower spike detection errors per 

hour. This super-exponential reduction in spike detection errors promotes voltage 

imaging’s utility for long term imaging experiments with virtually no false positives or 

negatives. 

Our work explores the non-intuitive interaction between a voltage-sensitive 

rhodopsin’s proton pumping capabilities and the corresponding FRET-opsins’ voltage 

sensitivity. The critical mutations governing both the voltage sensitivity and function of 

the Ace rhodopsin proton pump are the manipulations of the D81 residue. These 

mutations not only modulate the rhodopsin’s steady-state photocurrent but also 

influence its voltage sensitivity in FRET-opsin configurations in a way unique to each 

rhodopsin-FP pairing: VARNAM (Ace-D81S-mRuby3) performs better than 

Ace-D81N-mRuby3, but our Ace-mScarlet, which uses the D81N substitution previously 

used in Ace2N-mNeon, performs better than Ace-D81S-mScarlet with the same peptide 

linkers. These results contradict the prevailing theory that one variant of the Ace domain 

should be more voltage sensitive than another variant independent of the fused 

fluorescent protein. Our results motivate further studies of pairings between mutations 

of this residue and FRET donors within the FRET-opsin configuration. Specifically, 
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future studies could more deeply explore the relationship between mutations at this 

critical residue and the FRET efficiency between these Ace mutants and mScarlet or 

mRuby3. A difference in FRET efficiency between mutant Ace domains and red FPs 

could explain the unexpected differences in performance we observed and produce 

sensors with higher sensitivity, brightness, or kinetics. 
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3. Engineering rhodopsins’ activation spectra using a 
FRET-based approach 

In the past decade, optogenetics has become a nearly ubiquitous tool in 

neuroscience because it enables researchers to manipulate neural activity with high 

temporal resolution and genetic specificity. Rational engineering of optogenetic tools has 

produced channelrhodopsins with a wide range of kinetics and photocurrent 

magnitude. Genome mining for previously unidentified species of rhodopsin has 

uncovered optogenetic tools with diverse spectral sensitivities. However, rational 

engineering of a rhodopsin has thus far been unable to re-engineer spectral sensitivity 

while preserving full photocurrent. Here, we developed and characterized 

ChroME-mTFP, a rhodopsin-fluorescent protein fusion which drives photocurrent 

through Förster resonance energy transfer (FRET). This FRET-opsin mechanism 

artificially broadened the activation spectrum of the blue-green-light activated 

rhodopsin ChroME by approximately 50 nm – driving relatively higher photocurrent at 

blue-shifted excitation wavelengths without sacrificing kinetics. The excitation spectra’s 

increase at short wavelengths enabled us to optogenetically excite neurons at 

comparatively lower excitation powers with shorter wavelengths of light. Increasing this 

rhodopsin’s sensitivity to shorter, bluer wavelengths pushes it toward dual-channel, 

crosstalk-free, optogenetic stimulation and imaging with green-light-activated sensors. 

However, this iteration of FRET-opsin suffers from some imaging-light-induced 



 

52 

photocurrent crosstalk from green or yellow light due to maintained, low efficiency 

excitation at longer wavelengths. 

3.1 Introduction 

Neuroscientists employ several classes of genetically encoded protein tools to 

study the neural circuits that encode information in the brain. One such class of tools is 

optogenetic actuators, including light-activated ion channels and pumps. These 

actuators enable researchers to exert precise control over neural circuits by exciting 

genetically defined populations of neurons with a range of light wavelengths [60-63, 65-

72]. Optogenetic stimulation of subpopulations of individual neurons has recently been 

shown to influence behavior in awake animals [73, 75, 133]. Advancing the ability to 

precisely control optogenetic stimulation of such subpopulations will enable the 

neuroscience field to perform refined perturbations of neural circuits with high temporal 

precision, high responsiveness, and accurate selectivity.  

Recent engineering of various rhodopsins has resulted in a large suite of 

optogenetic tools that elicit a wide range of photocurrents with a wide range of on- and 

off-kinetics [68, 71, 72, 134]. Highly sensitive rhodopsins support robust activation of 

larger neural populations with low excitation powers and exposure times, while rapidly 

responsive rhodopsins support temporally precise neural activation. In addition to 

engineering photocurrent and speed, engineering a rhodopsin’s excitation spectrum is 

also important: a rhodopsin’s excitation spectrum dictates its applicability in specific 
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types of neuroscience experiments. Single-channel experiments that seek to perturb 

single populations of neurons may be better served by a green or yellow-light-sensitive 

rhodopsin due to longer wavelengths’ reduced scattering compared to blue light. Dual-

channel experiments that seek to perturb or image multiple neural populations must 

employ two genetically encoded tools with mutually exclusive excitation wavelengths. 

One example experiment in this class is the simultaneous optogenetic stimulation of one 

genetically defined subset of neurons and imaging of activity from a second subset of 

neurons to determine how the first population influences the activity of the second. Such 

an experiment requires high spectral separation between each tool’s excitation spectrum 

to minimize off-target excitation of rhodopsin-expressing neurons. To minimize this 

crosstalk, the excitation spectrum of the rhodopsin actuator should not overlap with the 

excitation spectrum of the genetically encoded indicator.  

Rationally designed engineering of rhodopsin actuators has been only partially 

successful in supporting multi-channel optical experiments, likely for two reasons. First, 

unlike modulations in sensitivity and kinetics that can often be achieved through 

targeted mutagenesis of key residues in a rhodopsin’s sequence, modulating 

rhodopsins’ activation spectra, or the range of wavelengths to which rhodopsins are 

sensitive, via directed evolution while maintaining their original sensitivity has not been 

straightforward [92, 94, 135-137]. Instead, identifying or developing rhodopsins with 

novel excitation spectra has historically resulted from either genome mining for new 
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rhodopsins [63, 68, 97, 98] or by developing chimeric rhodopsins by fusing subunits of 

multiple rhodopsin species [63, 66, 68, 138, 139]. Both of these methods require large 

scale in screening and characterization. Second, most pairings of highly sensitive 

rhodopsins and genetically encoded sensors suffer from varying levels of crosstalk due 

to incomplete separation of the rhodopsin’s and sensor’s excitation spectra. To achieve 

spectral separability between a sensor and actuator, researchers have often employed 

red-light-activated rhodopsins like C1V1 in conjunction with blue-light-sensitive 

indicators [130-132]. However, this paradigm often results in inadvertent excitation of 

the rhodopsin by the imaging source due to the long tail of many rhodopsins’ excitation 

spectra to the blue side of their peak activation wavelengths. For example, recently 

developed tools such as ChroME, a rhodopsin with enhanced two-photon photocurrent 

and kinetics developed through site-directed mutagenesis of the fast, cyan-light-

activated rhodopsin Chronos, suffer from imaging-laser-induced photocurrent crosstalk 

upon direct excitation by 930 nm lasers used for two-photon imaging of green 

fluorescent sensors due to incomplete spectral separation [71]. In the one-photon 

excitation domain, this crosstalk is even more pronounced. ChroME’s one-photon 

excitation spectrum highly overlaps with GCaMP’s; their peak excitation wavelengths 

are separated by only approximately 20 nm. 

Alternatively, one could employ a blue-light-sensitive rhodopsin in conjunction 

with a yellow-light-activated, red fluorescent sensor [140]. This paradigm takes 
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advantage of the sharp decrease in rhodopsins’ excitation efficiency on the red edge of 

their activation spectra, minimizing off-target excitation of targeted neurons. ChroME is 

only somewhat compatible with red fluorescent sensors such as jRCaMP or jRGECO, as 

spectral overlap remains an issue: off-peak excitation of ChroME by one-photon 560 nm 

light used for imaging can still produce significant photocurrent. 

In order to improve the spectral separability of optogenetic tools and genetically 

encoded sensors, it would be beneficial to develop rhodopsins with activation spectra 

blue-shifted from the state-of-the-art, high-sensitivity rhodopsins such as CoChR [68] 

and ChroME [71]. Such a tool would ideally maintain the photocurrent sensitivity and 

fast kinetics of the parent rhodopsin while shifting its spectral sensitivity. In this work, 

we developed a rhodopsin construct which enhances the rhodopsin’s response to 

shorter wavelengths through FRET via fusion to a cyan fluorescent protein (CFP). This 

fusion facilitated excitation of the rhodopsin via FRET when the CFP was excited by 

blue light. Previous work has demonstrated fluorescent protein-rhodopsin interactions 

through both radiative and non-radiative excitation pathways. Fusing 

channelrhodopsins with luciferase demonstrated that radiative excitation of rhodopsins 

from nearby emitters could facilitate photocurrent [141, 142]. In contrast, non-radiative 

FRET has been employed in the development of genetically encoded voltage indicators 

[23, 49, 50, 126, 143, 144] and FRET-assisted biosensors [145]. Additionally, in a recent 

study characterizing a novel rhodopsin, an EYFP tag facilitated a red-light-activated 
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rhodopsin’s photocurrent [146]. In this work, we build on this interaction and perform 

analyses which enable us to modulate the amplitude of this FRET effect for a cyan-light-

activated rhodopsin. FRET enabled us to boost photocurrent and maintain fast kinetics 

at blue-shifted wavelengths relative to the rhodopsin’s original activation spectrum. 

Rather than directly engineering the rhodopsins themselves, we instead rationally 

paired the protein with one of several engineered CFPs to enable high FRET efficiency 

excitation of the rhodopsin acceptor. 

3.2 Materials and methods 

3.2.1 Plasmid construction 

We used overlap PCR to construct all plasmids including the mutation of 

Chronos to ChroME and fusion of either Rosmarinus [147] or mTFP [110] to a truncated 

version of ChroME. We performed a second overlap PCR to fuse the TS-ER motif [127] 

to the 3’ end of each construct to improve membrane localization. We expressed all 

constructs in a lentiviral backbone under the CamkIIα promoter. ChroMEΔ15-mTFP is 

deposited on Addgene as plasmid #184240. 

3.2.2 Cell culture and transfection 

We cultured HEK293T cells in Dulbecco’s Modified Eagle Medium (DMEM) 

(Gibco) supplemented with 10% fetal bovine serum (FBS) (Gibco) and 1% penicillin-

streptomycin (Gibco). We transfected cells using Lipofectamine 2000 (ThermoFisher) one 

day after plating and imaged cells 2 days after transfection. 
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We cultured hippocampal neurons from P0 Sprague-Dawley rat pups (Charles 

River Labs) and cultured them in Neurobasal Media A with B-27 (Gibco) and GlutaMAX 

(Gibco) cell culture supplements. We treated neuron cultures with fluorodeoxyuridine 

(FUDR) (Alfa Aesar) 2 days after plating to inhibit glial cell growth, transfected cells via 

calcium phosphate transfection 3 days after plating, and imaged neurons 6–9 days after 

plating. 

3.2.3 Electrophysiology 

We recorded the photocurrent of each construct in HEK293T cells and cultured 

rat hippocampal neurons using an Axon Digidata 1550A (Axon Instruments) digitizer, 

Multiclamp 700A amplifier (Axon Instruments), and pClamp software. We held 

HEK293T cells at a –65 mV holding potential in voltage clamp mode and recorded the 

photocurrent elicited by various wavelengths of light and pulse conditions. We held 

neurons in current clamp mode and injected current to maintain a –65 mV resting 

membrane potential. We performed a post hoc correction to account for the electrode’s 

–10 mV junction potential. 

We mounted all samples in a room temperature perfusion chamber. The 

extracellular media consisted of 150 mM NaCl, 4 mM KCl, 10 mM glucose, 10 mM 

HEPES, 2 mM CaCl2, and 2 mM MgCl2. The intracellular solution contained 129 mM 

K-gluconate, 10 mM KCl, 10 mM HEPES, and 4 mM Na2ATP. 
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3.2.4 Optics 

We used a 40×, 0.8 NA water immersion objective (CFI Apo NIR 40X W, 

MRD07420, Nikon) for all imaging and photostimulation experiments. For the 

simultaneous calcium imaging, we used a scientific complementary metal-oxide-

semiconductor (sCMOS) camera (OptiMOS, QImaging) and imaged cells at 25-50 Hz.  

We used Thorlabs mounted light emitting diodes (LEDs) to excite HEK293T cells 

for comparison of the peak photocurrent of each construct at 450 nm (M450LP1, 

Thorlabs) and 490 nm (M490L4, Thorlabs). The 490 nm LED passed through a 480/40 nm 

filter (ET480/40m, Chroma); the 450 nm LED light passed through a 436/20 nm filter 

(ET436/20x, Chroma) and joined the 490 nm excitation path after reflecting off a 455 nm 

long-pass dichroic (455dclp, Chroma). 

To image calcium activity in neurons with jRCaMP1b, we used a 595 nm LED 

(M595L4, Thorlabs) with an intensity of 0.5 mW/mm2 at the sample plane, 585/11 nm 

excitation filter (FF01-585/11, Semrock), and 641/75 nm emission filter (FF02-641/75, 

Semrock). This excitation light joined with the 450 nm photostimulation light at a 593 

nm long-pass dichroic (FF593-Di03-25×36, Semrock).  

To measure the activation spectra of ChroME-mScarlet and our FRET-opsin 

variants, we constructed a custom monochromator to deliver light ranging from 455 nm 

to 580 nm at intensities ≥ 0.1 mW/mm2 with ~14 nm of bandwidth (Figure 18).  
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Figure 18: Our custom-built monochromator delivered spectrally narrow 

pulses of light at sufficient excitation power levels. Left: The average full width at 

half maximum for pulses centered around wavelengths ranging from 445 nm to 

580 nm was 14.4 nm. Right: Illumination in the 15 nm spectral windows ranging from 

455 nm to 580 nm (color points, in μW/mm2) delivered a maximum power density 

greater than 10 μW/mm2 at the sample. The relative power in each spectral window 

matched the SOLIS LED illumination spectrum (solid line). 

We focused a high-power white LED (SOLIS-3C, Thorlabs) onto a slit and 

collimated the light that passed through onto a blazed diffraction grating (GR25-0605, 

Thorlabs). This grating was mounted on a motorized, rotating stage (CR1-Z7, Thorlabs) 

that horizontally translated the first order refracted light. This order then traversed a 

distance of ~28” before passing through a second aperture that selected different 

wavelength components of the refracted light; the width of this slit also tuned the width 

of the excitation light spectrum. Finally, we used a f = 50 mm lens (LA1131, Thorlabs) to 

refocus the selected portion of the spectrum into a liquid light guide (LLG05-4H, 

Thorlabs). At the output of the liquid light guide, we re-collimated the excitation light 

with a 25 mm aspheric condenser lens (ACL2520U) and coupled the light into the 
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excitation port of the microscope. We measured the spectral resolution of the 

monochromator with a miniature spectrometer (FLAME-S-VIS-NIR-ES, OceanOptics) 

and measured the intensity of the output light at each wavelength with a power meter 

(PM100D, Thorlabs). 

3.2.5 Data Analysis 

All photocurrent data analysis was performed using custom MATLAB scripts. 

Briefly, we isolated the photocurrent driven by individual pulses in each cell and used 

the average peak as the peak photocurrent for each cell to account for electronic noise 

introduced by the digitizer. For spectral measurements, all photocurrent responses were 

recorded using 0.1 mW/mm2 excitation at each wavelength. To account for the different 

photon flux at each wavelength under fixed intensity, we applied a scaling factor to each 

measurement using the equation, 

 𝐼𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑(𝜆) = 𝐼𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙(𝜆) × 𝜆/𝜆0, (1) 

where λ0 was the highest wavelength used, 580 nm. To determine the constructs’ off- 

kinetics, we used least squares estimation in MATLAB to fit the decay of the 

photocurrent after 5 ms light pulses to the equation,  

 photocurrent = 𝐴 exp (−
𝑡

𝜏
) + 𝑐, (2) 

where the A was the current peak amplitude, τ was off time constant, and c was the 

constant amplitude. To determine spike probability, we manually inspected traces for all 

neurons. Spike probability was fit to a sigmoidal function, 
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 spike⁡probability = 𝑃0 +
1 − 𝑃0

1 + 10−
𝐼50−𝐼
𝑘

⁡
, (3) 

where I was the excitation power, P0 was the fitted spike probability at I = 0 μW/mm2, I50 

was the fitted excitation power to achieve 50% spike probability, and k was the slope of 

the sigmoid curve. 

3.3 Results 

3.3.1 Fluorescence resonance energy transfer between mTFP and 
ChroME significantly modulates ChroME’s activation spectrum 

We developed a rhodopsin-fluorescent protein fusion that increased 

photocurrent mediated by excitation of a fluorescent protein donor and subsequent 

FRET to the rhodopsin. Our design employed a bright, cyan fluorescent protein as the 

donor that could activate current from a paired rhodopsin acceptor. The FRET donor can 

be maximally excited by blue light with wavelengths ~50 nm shorter than the rhodopsin 

acceptor’s peak excitation wavelength. The CFP’s emission spectrum shares a high 

overlap with the rhodopsin’s activation spectrum. Therefore, by exciting cells expressing 

this construct with blue light corresponding to the CFP’s peak excitation wavelength, we 

can drive photocurrent both through FRET between the CFP and rhodopsin and 

through weak, direct excitation of the rhodopsin by the off-peak excitation light. We 

theorized that this mechanism would enable us to enhance the excitation efficiency of 

the rhodopsin-CFP fusion at shorter wavelengths, effectively “shifting” the original 

rhodopsin’s activation spectrum. 
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The FRET-enhanced photocurrent produced by this mechanism depended on the 

FRET efficiency between the rhodopsin acceptor and CFP donor: FRET efficiency 

increases with shorter distances between the two domains, with higher overlap between 

the donor’s emission and the acceptor’s excitation spectra, and more alignment between 

the dipole orientations of the donor and acceptor. To maximize both photocurrent and 

FRET, we employed two protein engineering strategies. First, we minimized the distance 

between the complex’s two domains without adversely affecting the photocurrent or 

expression of the rhodopsin or fluorescent protein, respectively. Second, we maximized 

the overlap between the fluorescent protein donor’s emission spectrum and the 

rhodopsin acceptor’s activation spectrum. Based on these design criteria, we screened 

several families of rhodopsin-FP constructs which comprised the fast, sensitive 

rhodopsin ChroME, and cyan fluorescent proteins whose emission spectra overlapped 

with ChroME’s peak activation wavelength at ~500 nm.  

Because maximizing FRET critically depends on minimizing the distance 

between the FRET donor and acceptor, we first determined the maximum number of 

amino acids that we could truncate from ChroME’s C-terminus using ChroME’s 

homology with ChR2. We deduced that ChroME’s C-terminus had approximately 30 

amino acids with no secondary structure that could be removed without adversely 

affecting ChroME’s folding. We next generated a series of variants that truncated 0 to 27 

amino acids from ChroME’s C-terminus. For the remainder of this chapter, these 
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constructs are referred to as ChroMEΔx, where x was the number of truncated 

C-terminal amino acids. We first placed each truncated version of ChroME in a 

bicistronic construct to facilitate co-expression of mScarlet.  

 

Figure 19: Modest truncations to ChroME’s unstructured C-terminal amino 

acids do not adversely affect peak photocurrent. Peak photocurrent in HEK293T cells 

expressing a bicistronic construct encoding ChroME with C-terminal truncations 

ranging from 0 to 27 amino acids and mScarlet (left) or ChroME with C-terminal 

truncations ranging from 0 to 21 amino acids fused directly to mScarlet (right). 

Photocurrent was elicited by 100 ms pulses of 490 nm light at excitation powers 

ranging from 0.05 mW/mm2 to 1.6 mW/mm2. Unlike in the bicistronic construct, 

truncations greater than 21 amino acids abolished expression of the rhodopsin 

(* p < 0.05, two-sided Wilcoxon rank-sum test, n ≥ 10 cells per variant). Error bars 

represent mean ± s.e.m. 

We transfected HEK293T cells with each of these variants, patch clamped 

mScarlet-positive cells, and recorded the peak photocurrent elicited by 100 ms pulses of 

490 nm light with intensities ranging from 0.05 to 1.6 mW/mm2. We found that 

ChroME’s peak photocurrent elicited by 1.6 mW/mm2 pulses remained statistically 
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comparable with C-terminus truncations of up to 27 amino acids (p > 0.1 for all 

comparisons, two-sided Wilcoxon rank-sum test, n ≥ 6 cells for all variants, Figure 19). 

We repeated this characterization on a series of ChroME variants fused directly to 

mScarlet as controls. Fusion to the red fluorescent mScarlet guaranteed there would be 

virtually no FRET between the domains, and thus probed just the effect of a fused 

fluorescent protein on the rhodopsin photocurrent (Figure 19). The peak photocurrent of 

the ChroME-mScarlet variant with its C-terminus truncated by 21 amino acids was 

significantly lower than that of untruncated ChroME-mScarlet for 100 ms pulses of 

490 nm light at 1.6 mW/mm2 (p < 0.05, two-sided Wilcoxon rank-sum test, n ≥ 10 cells for 

both variants). Fusion constructs comprising ChroME and a fluorescent protein did not 

express when more than 21 amino acids were truncated from ChroME’s C-terminus, 

possibly because the close proximity of the rhodopsin and fluorescent protein precluded 

each domain from folding properly.   

Based on these results, we developed two families of FRET-opsin complexes that 

employed either Rosmarinus (RSM) [147] or mTFP1 [110] as the fluorescent protein 

donor. We hypothesized that the high overlap between RSM’s and TFP’s emission 

spectra and ChroME’s activation spectra would support efficient FRET. We further 

enhanced FRET for the mTFP1 constructs by generating variants using either the full 

mTFP protein or mTFP with 9 amino acids removed from its N-terminus, referred to 

as -Δ9mTFP. Overall, we tested HEK293T cells expressing families of untagged 
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ChroMEΔx, ChroMEΔx-RSM, ChroMEΔx-mTFP, and ChroMEΔx-Δ9mTFP. Each family 

comprised the Δ9, Δ12, Δ15, and Δ21 amino acid ChroME variants. 

Initially, we screened FRET constructs to evaluate FRET under one-photon 

excitation. We measured the peak photocurrent elicited by 100 ms pulses of either 

450 nm or 490 nm light. The 490 nm light directly excited ChroME near the peak of its 

activation spectrum and drove maximal photocurrent. In contrast, the 450 nm light not 

only directly excited the rhodopsin with low efficiency, but also excited RSM or mTFP at 

the peak of their absorption spectra. We predicted that the second FRET pathway would 

elicit higher photocurrent in FRET-opsin constructs than in ChroME constructs when 

excited by wavelengths below 490 nm. 

We used the ratio of the photocurrent driven at 450 nm to the photocurrent 

driven at 490 nm as a proxy for FRET: high 450 nm/490 nm photocurrent ratios 

suggested that FRET enhanced photocurrent at shorter excitation wavelengths. Our 

screen of linkers found the expected effect: the 450 nm/490 nm photocurrent ratios 

increased with decreasing linker length. We found three FRET variants, 

ChroMEΔ15-mTFP, ChroMEΔ21-mTFP, and ChroMEΔ15-Δ9mTFP, that had both high 

450 nm/490 nm photocurrent ratios under 0.1 mW/mm2 excitation and high peak 

photocurrent. The three shorter linker variants’ 450 nm/490 nm photocurrent ratios were 

respectively 1.1 ± 0.05, 1.2 ± 0.06, and 1.2 ± 0.04 (Figure 20). These ratios were 

significantly higher than ChroME’s original 450 nm/490 nm photocurrent ratio of 
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0.9 ± 0.03 (mean ± s.e.m., p < 0.02 for all comparisons to ChroME, two-tailed Wilcoxon 

rank-sum test, n ≥ 6 cells for each variant). These variants also had peak photocurrents 

that were statistically comparable to unmodified ChroME under identical stimulation 

parameters (p > 0.1 for all comparisons, two-sided Wilcoxon rank-sum test, n ≥ 6 cells for 

each variant).  The retention of high peak photocurrent suggested that the short linkers 

in these constructs did not impair folding or expression. 

 

Figure 20: FRET between a cyan fluorescent protein and rhodopsin leads to 

increased photocurrent at short wavelengths. Left: The ratio between the peak 

photocurrent in response to 450 nm excitation and 490 nm excitation, all under 100 ms 

pulses of 0.1 mW/mm2 light. Key variants had higher photocurrent ratios compared to 

untagged ChroME. In addition, this ratio significantly increased within each 

ChroMEΔx-RSM, ChroMEΔx-mTFP, or ChroMEΔx-Δ9mTFP series with increasing 

truncations of ChroME’s C-terminus (* p < 0.05, ** p < 0.01, two-sided Wilcoxon rank-

sum test, n ≥ 6 cells per variant). Solid and dashed gray lines represent full length 

ChroME’s average 450 nm/490 nm photocurrent ratio ± s.e.m. under identical 

excitation conditions. Right: The peak photocurrent in response to 450 nm light under 

the same pulse conditions. Truncations up to 21 amino acids did not significantly 

decrease ChroMEΔx-mTFP’s or ChroMEΔx-Δ9mTFP’s peak photocurrents in response 

to 450 nm illumination compared to the peak photocurrent of full-length, untagged 

ChroME (p > 0.05 for all comparisons, n.s.: not significant, two-sided Wilcoxon rank-

sum test, n ≥ 6 cells per variant). Solid and dashed gray lines represent full length 
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ChroME’s average peak photocurrent ± s.e.m. under identical excitation conditions. In 

both panels, error bars represent mean ± s.e.m. 

To characterize the FRET effect of these three variants more fully, we built a 

monochromator to measure each variant’s activation spectrum (Chapter 3.2.4). We 

excited HEK293T cells expressing each variant with 5 ms pulses of light ranging from 

455 nm to 580 nm with an average full-width-half-max of 15 nm and power density of 

0.1 mW/mm2. This excitation power was the maximum power density achievable using 

our monochromator across all wavelengths and is below the effective power density for 

50% activation (EPD50) of most rhodopsins [134], suggesting that this intensity was in the 

linear range of the rhodopsins’ response.  

 

Figure 21: FRET between ChroME and mTFP significantly modulates its 

activation spectrum at shorter wavelengths. Left: The photocurrent spectra normalized 

to the photocurrent at the peak activation wavelength for each construct in response 

to 5 ms, 0.1 mW/mm2 pulses centered at each wavelength and scaled for the excitation 

photon flux at each wavelength. The normalized spectra of FRET-opsin constructs 

broadened toward wavelengths to the blue side of ChroME’s peak absorption 

wavelength. At 455 nm, the normalized photocurrents of our FRET-opsin constructs 

were higher than the respective normalized photocurrent for unmodified ChroME 
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(*** p < 10−3, two-sided Wilcoxon rank-sum test, n ≥ 9 cells per variant). Right: The raw 

peak photocurrent of the normalized responses shown in the left panel, scaled for 

excitation photon flux at each wavelength. The photocurrent of FRET-opsin constructs 

was generally lower than the photocurrent of unmodified ChroME. At 490 nm 

(vertical dashed line), or ChroME’s peak excitation wavelength, the photocurrents of 

constructs with more than 15 amino acids removed between ChroME and mTFP were 

significantly lower than the photocurrent of unmodified ChroME (** p < 0.01, 

*** p < 10−3, n.s.: not significant, two-sided Wilcoxon rank-sum test, n ≥ 9 cells per 

variant). Error bars represent mean ± s.e.m. Dashed gray lines represent the excitation 

spectrum of Chronos, adapted from Klapoetke, et al. [68]. 

Consistent with our initial screen, we found that the normalized activation 

spectra of our FRET-opsin constructs had a prominent increase in the 455-475 nm 

wavelength range compared to the non-FRET ChroME construct (Figure 21). The 

normalized activation spectrum of ChroMEΔ15 fused to either mTFP or Δ9mTFP and 

the spectrum of ChroMEΔ21-mTFP were significantly higher than ChroME’s normalized 

activation spectrum at 455 nm, 465 nm, and 475 nm (p < 10−3, two-sided Wilcoxon 

rank-sum test, n = 18, 15, 12, and 9 cells for ChroMEΔ15-mTFP, ChroMEΔ15-Δ9mTFP, 

ChroMEΔ21-mTFP, and ChroME-mScarlet respectively), but were nearly equivalent at 

longer wavelengths. The broadened activation spectrum also translated to slightly 

higher photocurrent driven by ChroMEΔ15-mTFP compared to ChroME at wavelengths 

shorter than 490 nm. However, despite a pronounced elevation in their normalized 

spectra at short wavelengths, ChroMEΔ21-mTFP’s and ChroMEΔ15-Δ9mTFP’s peak 

photocurrents were moderately lower than ChroME’s when excited by wavelengths 

from ChroME’s peak wavelength at 490 nm (p < 0.01 for both ChroMEΔ21-mTFP and 

ChroMEΔ15-Δ9mTFP, p = 0.6 for ChroMEΔ15-mTFP, two-sided Wilcoxon rank-sum test, 
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n ≥ 9 cells for each variant), as well as wavelengths up to approximately 540 nm. The 

peak photocurrent of ChroMEΔ21-mTFP was nearly equivalent to, but more variable 

than, ChroMEΔ15-Δ9mTFP’s for all excitation wavelengths (p > 0.29 for all comparisons, 

two-sided Wilcoxon rank-sum test, n ≥ 12 cells for each variant). This increased 

variability could be due to poorer and less consistent expression levels of rhodopsin-FP 

fusion constructs with a larger number of amino acids cut from the rhodopsin. 

Therefore, we focused the remainder of our analysis on ChroMEΔ15-mTFP and 

ChroMEΔ15-Δ9mTFP. 

Finally, due to FRET’s nanosecond timescale, FRET-mediated activation does not 

notably influence the rhodopsins’ millisecond-scale closing kinetics. ChroME-mScarlet, 

ChroMEΔ15-mTFP, and ChroMEΔ15-Δ9mTFP had off-kinetics of τoff = 9 ± 2 ms, 9 ± 2 ms, 

and 10 ± 1 ms under 450 nm excitation, respectively, and τoff = 10 ± 2 ms, 10 ± 2 ms, and 

10 ± 1 ms under 490 nm excitation, respectively (mean ± std., n = 18, 15, and 8 cells for 

ChroMEΔ15-mTFP, ChroMEΔ15-Δ9mTFP, and ChroME-mScarlet, respectively, 

Figure 22). Surprisingly, ChroMEΔ15-Δ9mTFP’s off-kinetics are slightly slower than both 

ChroMEΔ15-mTFP and ChroME-mScarlet under 450 nm excitation (p = 3 × 10−3 

compared to ChroMEΔ15-mTFP, p = 0.04 compared to ChroME-mScarlet, two-sided 

Wilcoxon rank-sum test, n = 18, 15, and 8 cells for ChroMEΔ15-mTFP, ChroMEΔ15-

Δ9mTFP, and ChroME-mScarlet, respectively), but not under 490 nm excitation. 

ChroMEΔ15-Δ9mTFP’s slightly slower kinetics suggest that, in addition to adversely 
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affecting photocurrent response, large truncations could modestly affect channel kinetics 

on the boundary of significance.  

 

Figure 22: ChroMEΔ15-mTFP’s kinetics are not significantly different than 

native ChroME’s. Left: example traces of the photocurrent decay of ChroME-mScarlet 

(black), ChroMEΔ15-mTFP (cyan), and ChroMEΔ15-Δ9mTFP (blue) in response to a 

5 ms pulse of 450 nm, 0.1 mW/mm2 light. Right: The average off-kinetics of all 

variants excited by 490 nm light were statistically comparable, whereas 

ChroMEΔ15-Δ9mTFP had slightly slower off-kinetics than other variants when 

excited by 450 nm excitation (* p ≤ 0.05, ** p ≤ 0.01, n.s.: not significant, two-sided 

Wilcoxon rank-sum test, n ≥ 8 cells per variant).  Error bars represent mean ± s.d.; 

white circles represent individual data points. 

The discrepancy between the statistical significance at each wavelength could be 

due to an outlier ChroMEΔ15-mTFP and -mScarlet cell. Importantly, each construct’s 

kinetics under 450 nm excitation is statistically comparable to its kinetics under 490 nm 

excitation. All other comparisons across variants and excitation wavelengths were 

statistically comparable (p > 0.05 for all comparisons, two-sided Wilcoxon rank-sum 

test). 

This high photocurrent and fast kinetics made our FRET-opsin constructs 

comparable to existing blue-light-shifted rhodopsins under 450 nm excitation. In response 
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to 100 ms pulses of 450 nm light at 1.5 mW/mm2, ChroMEΔ15-mTFP had a peak 

photocurrent of 1020 ± 270 pA and off-kinetics of τoff = 10 ± 1 ms.  

 

Figure 23: ChroMEΔ15-mTFP has higher photocurrent and comparable kinetics 

to the blue-light-activated rhodopsin CheRiff. Left: Photocurrent response of 

ChroMEΔ15-mTFP in response to 100 ms pulses of 450 nm light at 1.5 mW/mm2. The 

average τoff ± standard deviation is labeled on the figure. Right: Photocurrent response 

under the same excitation conditions for CheRiff. Shaded regions represent 

mean ± s.d. While ChroMEΔ15- mTFP drove significantly higher photocurrent 

(p = 10−4), the kinetics were statistically comparable (p = 0.9, two-sided Wilcoxon rank-

sum test, n ≥ 6 cells per construct). 

This is significantly higher photocurrent, but comparable kinetics, compared to 

the blue-light-activated rhodopsin CheRiff [67], which had a peak photocurrent of 

540 ± 110 pA and off-kinetics of τoff = 9 ± 1 ms under identical excitation conditions 

(p = 10−4 for photocurrent; p = 0.9 for kinetics; two-sided Wilcoxon rank-sum test, 

mean ± s.d., n ≥ 6 cells per construct, Figure 23). 

Finally, to determine whether the rhodopsin-FP paradigm represented a 

generalizable strategy for modulating rhodopsins’ activation spectra, we paired 
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Rosmarinus with a slightly blue-shifted rhodopsin, CoChR [68]. We performed a similar 

characterization on these CoChR-RSM constructs as for ChroMEΔX-mTFP and found 

several notable distinctions between these constructs’ characteristics.  

 

Figure 24: Direct fusion to Rosmarinus adversely affects CoChR photocurrent. 

Photocurrent of CoChRΔX-P2A-mScarlet (left) and CoChRΔX-RSM (right) in response 

to 100 ms pulses of 450 nm light at excitation power ranging from 15 to 800 μW/mm2 

(top) or identical, 490 nm pulses (bottom). CoChRΔ21-P2A-mScarlet had significantly 

lower photocurrent than untagged CoChR at all excitation powers (*** p < 10−3, two-

sided Wilcoxon rank-sum test, n ≥ 8 cells per construct). Similarly, all CoChRΔX-RSM 

constructs drove significantly lower photocurrent than untagged CoChR besides 

CoChRΔ0-RSM at 800 μW/mm2 (* p < 0.05, ** p < 0.01, *** p < 10−3, two-sided Wilcoxon 

rank-sum test, n ≥ 6 cells per construct). Error bars represent mean ± s.e.m. 

First, CoChR’s photocurrent was more adversely affected by shorter C-terminal 

truncations and by direct fusion to Rosmarinus than analogous ChroME constructs: 
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CoChRΔ21-P2A-mScarlet and all CoChRΔX-RSM constructs had significantly lower 

photocurrent than untagged CoChR (p < 0.05 for all comparisons, two-sided Wilcoxon 

rank-sum test, n ≥ 6 cells per construct, Figure 24).  

Second, due to the relatively low overlap between Rosmarinus’ emission, which 

peaks at 482 nm, and CoChR’s activation spectrum, which peaks at ~470 nm and has 

comparable excitation efficiency at 450 nm and 490 nm, we did not observe a statistically 

significant difference in the constructs’ 450 nm / 490 nm photocurrent ratio (Figure 25).  

 

Figure 25: Low FRET between CoChR and RSM does not produce a significant 

change in CoChR’s response to shorter wavelengths. Left: 450 nm/490 nm 

photocurrent ratio for CoChRΔX-P2A-mScarlet (black) and CoChRΔX-RSM (blue) 

with C-terminal truncations ranging from 0 to 21 amino acids. In contrast to 

ChroMEΔX-RSM/mTFP constructs, we did not observe a dependence of the 

450 nm/490 nm photocurrent ratio on the linker length. The average ratio for untagged 

CoChR ± s.e.m. is represented by the solid and dashed gray lines. Right: Peak 

photocurrent for CoChRΔX-P2A-mScarlet (black) and CoChRΔX-RSM (blue) in 

response to 100 ms pulses of 450 nm light at 0.1 mW/mm2. The average photocurrent 

of untagged CoChR ± s.e.m. is represented by the solid and dashed gray lines. 

CoChRΔ21-P2A-mScarlet and all CoChRΔX-RSM constructs have significantly lower 

photocurrent than untagged CoChR (* p < 0.05, ** p < 0.01, *** p < 10−3, n.s.: not 

significant; two-sided Wilcoxon rank-sum test, n ≥ 6 cells per variant). Error bars 

represent mean ± s.e.m. 
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Third, in line with these results, we observed that the raw photocurrents of 

CoChRΔ0-RSM and CoChRΔ12-RSM were considerably lower than that of untagged 

CoChR across all wavelengths (p < 10-3, two-sided Wilcoxon rank-sum test, n ≥ 8 cells per 

construct). However, to a lesser degree compared to the ChroME-mTFP variants, the 

CoChR-RSM FRET-opsin constructs’ normalized spectra were slightly enhanced at 

455 nm compared to CoChR-mScarlet (Figure 26). These results suggest that while the 

FRET-mediated enhancement of a rhodopsins’ normalized spectrum may be potentially 

generalizable, the relationship between the rhodopsin-FP pair and peak photocurrent 

amplitude is not straightforward. 

 

Figure 26: CoChR-RSM has minor enhancement of its normalized 

photocurrent at short wavelengths but suffers from near total attenuation of 

photocurrent. Left: Normalized response of CoChR-P2A-mScarlet, CoChRΔ0-RSM, 

and CoChRΔ12-RSM in response to 500 ms pulses of 0.1 mW/mm2 light at 

wavelengths ranging from 455 nm to 580 nm scaled for the excitation photon flux at 

each wavelength. We observed a statistically significant enhancement of 455 nm 

photocurrent’s contribution toward the normalized response of CoChRΔ0-RSM and 

CoChRΔ12-RSM compared to CoChR-P2A-mScarlet (p < 0.01, two-sided Wilcoxon 

rank-sum test, n = 8 cells per construct). Right: Peak photocurrent scaled for excitation 

photon flux at each wavelength for CoChR-P2A-mScarlet, CoChRΔ0-RSM, and 

CoChRΔ12-RSM. CoChRΔ0-RSM and CoChRΔ12-RSM had significantly lower peak 
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photocurrent than CoChR-P2A-mScarlet (*** p < 10−3 at all wavelengths, two-sided 

Wilcoxon rank-sum test, n = 8 cells per construct). Error bars represent mean ± s.e.m. 

3.2.2 ChroME-mTFP’s spectral shift enables higher efficiency 
excitation of neurons with shorter wavelengths of light 

Based on the enhanced excitability of ChroMEΔ15-mTFP/Δ9mTFP at shorter 

wavelengths, we sought to determine whether the broadened spectrum translated to 

higher excitability of neurons expressing these constructs. We transfected cultured 

hippocampal rat neurons with ChroMEΔ15-mTFP, ChroMEΔ15-Δ9mTFP, or ChroME-

mScarlet and excited them with 5 ms pulses of light ranging from 10 to 100 μW/mm2 at 

either 455 nm or 490 nm, corresponding to mTFP’s or ChroME’s peak excitation 

wavelength, respectively. We recorded the spike probability for each excitation 

wavelength to determine the excitation threshold of neurons expressing each construct. 

Consistent with our previous results, we found that neurons expressing one of the 

FRET-opsin constructs had a lower spike threshold than neurons expressing ChroME 

when excited with 455 nm light (Figure 27). The average excitation power to achieve 50% 

spike probability with 455 nm pulses was 31 ± 5 μW/mm2, 46 ± 4 μW/mm2, and 

60 ± 7 μW/mm2 for ChroMEΔ15-mTFP, ChroMEΔ15-Δ9mTFP, and ChroME-mScarlet, 

respectively (mean ± s.e.m., n = 10 cells per construct). The excitation power required to 

drive spikes in ChroMEΔ15-mTFP-expressing neurons was significantly lower than the 

power required to drive spikes in neurons expressing ChroME-mScarlet (p = 8 × 10−3, 

two-sided Wilcoxon rank-sum test, n = 10 cells per construct). As expected, we did not 

observe a decrease in the excitation threshold using 490 nm pulses: ChroMEΔ15-mTFP, 
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ChroMEΔ15-Δ9mTFP, and ChroME-mScarlet had statistically comparable 50% 

excitation thresholds of 29 ± 4 μW/mm2, 43 ± 3 μW/mm2, and 32 ± 11 μW/mm2 (p = 0.42 

or 0.28 for comparisons of ChroMEΔ15-mTFP or ChroMEΔ15-Δ9mTFP to ChroME-

mScarlet, respectively; two-sided Wilcoxon rank-sum test, n = 10 cells per construct).  

 

Figure 27: FRET enables higher spike probability in neurons at lower 

excitation powers. Left: Spike probability as a function of excitation power for 5 ms 

pulses of 455 nm light. Right: Same as left panel, but for 490 nm light. Error bars 

represent mean ± s.e.m (n = 10 cells per variant). Solid lines represent spike 

probabilities fit to a sigmoidal function (Chapter 3.2.5). Vertical dashed lines 

correspond to the average excitation power with a 50% spike probability for each 

variant. The average 50% spike probability threshold under 455 nm excitation for 

ChroMEΔ15-mTFP was significantly lower than the 50% threshold for ChroME-

mScarlet (** p < 0.01, two-sided Wilcoxon rank-sum test, n = 10 cells per variant). 

These results were consistent with the photocurrent measured in neurons excited 

by either 455 nm or 490 nm light at 1.5 mW/mm2: the ratio of photocurrent at 455 nm to 

photocurrent at 490 nm for neurons expressing ChroMEΔ15-mTFP or ChroMEΔ15-

Δ9mTFP was higher than that in neurons expressing ChroME-mScarlet (Figure 28, 

p = 0.01 or 10-3 for ChroMEΔ15-mTFP or ChroMEΔ15-Δ9mTFP, respectively, two-sided 

Wilcoxon rank-sum test, n = 10 cells for each construct), representing a significant 
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spectral shift. Additionally, this increased excitability was dominantly driven by 

increased photocurrent under 455 nm excitation rather than decreased photocurrent 

driven by 490 nm excitation: the photocurrent driven by each wavelength was 

statistically comparable in cells expressing either ChroMEΔ15-mTFP or 

ChroME-Δ9mTFP (p > 0.3 for both variants, two-sided Wilcoxon rank-sum test, 

n = 10 cells for each construct, Figure 28). 

 

Figure 28: FRET-opsin constructs have higher spike probabilities under shorter 

wavelength excitation due to a higher contribution of 455 nm photocurrent. Left: Peak 

photocurrent of neurons in response to 5 ms pulses of 0.1 mW/mm2 light at either 

455 nm (dark blue bars) or 490 nm (cyan bars). Neurons expressing ChroMEΔ15-mTFP 

and ChroMEΔ15-Δ9mTFP had slightly but not significantly higher photocurrent than 

ChroME-mScarlet at 455 nm (dark blue bars) (p = 0.47 and 0.24 for ChroMEΔ15-mTFP 

and ChroMEΔ15-Δ9mTFP, respectively, two-sided Wilcoxon rank-sum test, n = 10 

cells per variant). Error bars represent mean ± s.e.m. Right: The 455 nm/490 nm 

photocurrent ratio of the peak photocurrents shown in the left panel. The ratios 

between the FRET constructs’ photocurrent at 455 nm and 490 nm were significantly 

higher than the same ratio for ChroME-mScarlet (* p < 0.05, ** p < 0.01, two-sided 

Wilcoxon rank-sum test, n = 10 cells per variant). Error bars represent mean ± s.e.m. 
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3.3.3 The incomplete spectral shift of ChroME-mTFP results in 
moderate crosstalk with green-light-activated protein tools 

Finally, we sought to determine whether we could use ChroMEΔ15-mTFP in 

parallel with jRCaMP1b [17] to facilitate dual-channel, simultaneous optogenetic 

stimulation and calcium imaging. We co-transfected cultured hippocampal rat neurons 

with two plasmids containing either ChroMEΔ15-mTFP or jRCaMP1b expressed under 

the CamkIIα promoter. However, despite co-expression of the rhodopsin and sensor, we 

were unable to record crosstalk-free calcium activity in response to blue light 

stimulation. This was primarily due to the preservation of ChroMEΔ15-mTFP’s 

moderate response to yellow light excitation, which was nearly identical in efficiency to 

that of unmodified ChroME. This weak but substantial sensitivity to the continuous, 

0.5 mW/mm2, 585 nm jRCaMP1b imaging light produced a subthreshold (~5 mV) 

depolarizing voltage, but more importantly, prevented neurons from spiking multiple 

times in repeated trials. Neurons co-expressing ChroMEΔ15-mTFP and jRCaMP1b 

reliably spiked once per stimulation over the course of five trials when we delivered 

only blue light pulses. However, repeated blue light stimulation concurrent with 

constant yellow imaging light generated wide, low amplitude action potentials which 

eventually became suppressed in later trials for single cells (Figure 29). On average, 

neurons which reliably produced a single spike in response to 5 ms, 1.5 mW/mm2, 

450 nm stimuli responded with significantly fewer spikes when stimulated concurrently 
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with constant 585 nm imaging light (p = 6 × 10−3, two-sided Wilcoxon rank-sum test, 

n = 10 cells).  

 

Figure 29: ChroME excitation by yellow light prevents simultaneous 

optogenetics and calcium imaging. Left: Electrophysiology of a representative 

ChroMEΔ15-mTFP-expressing neuron under repeated stimulation of 5 ms pulses of 

450 nm light at 0.1 mW/mm2 without 585 nm imaging light (top) or under identical 

450 nm stimulation conditions delivered simultaneously with constant 585 nm 

imaging light at 0.5 mW/mm2 (bottom). The addition of the imaging light resulted in 

action potentials with an irregular shape and lower amplitude. Action potentials were 

also inconsistently evoked by 455 nm pulses of light. Blue dashes represent the 

450 nm stimulation pulses. Orange bar represents the constant 585 nm imaging light. 

Right: Spike probability of neurons in response to 450 nm stimulation as in the left 

panel (blue bar) or in response to 450 nm stimulation with 585 nm imaging (orange 

bar). Illumination of neurons with 450 nm pulses of light concurrently with constant 

585 nm imaging light elicited a spike only 60% as frequently as illumination of 

neurons with 450 nm pulses alone (** p < 0.01, two-sided Wilcoxon rank-sum test, 

n = 10 cells). Error bars represent mean ± s.e.m. 

This depressed excitability could potentially have arisen from desensitization of 

the rhodopsin to blue light pulses due to the constant yellow illumination [134, 148]. 

This prediction is supported by photocurrent elicited by pulses of 450 nm light in 

HEK293T cells, which was significantly lower when pulses were delivered under 
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simultaneous yellow light illumination (p = 2 × 10−3, two-sided Wilcoxon rank-sum test, 

n = 6 cells, Figure 30). 

 

Figure 30: ChroME’s broad spectrum led to significant peak photocurrent 

reduction under yellow light excitation. Average photocurrent dynamics in HEK293T 

cells expressing ChroMEΔ15-mTFP in response to 5 ms pulses of 450 nm light at 

1.6 mW/mm2 (left), in response to 5 ms pulses of 585 nm light at 0.5 mW/mm2 (center), 

or in response to 5 ms pulses of 1.6 mW/mm2, 450 nm light delivered during constant 

0.5 mW/mm2, 585 nm illumination (right). The peak photocurrent amplitude was 

significantly dampened compared to peak photocurrent elicited by blue light pulses 

alone (p = 2× 10−3, two-sided Wilcoxon rank-sum test, n = 6 cells). Shaded area 

represents mean ± s.d. 

Because pulsed imaging has been used to reduce photocurrent crosstalk in 

ChroME [71], we employed several imaging LED pulsing parameters while maintaining 

the same average power per frame as when we used constant 585 nm illumination. In 

voltage clamped HEK293T cells, we applied identical 450 nm light pulses while pulsing 

the 585 nm imaging LED at 30 Hz, 90 Hz, or 150 Hz with various intensities and duty 

cycles. However, due to ChroMEΔ15-mTFP’s ~10 ms off- time constant, the crosstalk 

photocurrent elicited by the imaging light did not decay significantly enough within the 

time of an imaging frame (~33 ms) to either decrease the offset in baseline photocurrent 
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or increase the amplitude of 450-nm-elicited photocurrent compared to cells under 

constant 585 nm illumination. 

3.4 Discussion 

Our work demonstrated that FRET can be used to tune the activation spectra of 

rhodopsins. By pairing a rhodopsin with the appropriate fluorescent protein and 

modulating the distance between the domains, we were able to achieve higher activation 

efficiencies of ChroME using wavelengths up to 50 nm blue-shifted from ChroME’s peak 

activation wavelength. Previous work has demonstrated that photocurrent can be driven 

in rhodopsins through fusion with a chemiluminescent molecule [141, 142] and that 

spectrally compatible fluorescent tags can contribute secondary peaks to a rhodopsin’s 

activation spectrum [146]. Our work further characterized the degree to which the 

spectrum of a rhodopsin can be modulated through the non-radiative FRET interaction 

between the rhodopsin and fused fluorescent protein based on both the distance 

between the domains and spectral compatibility of the FRET domains. This paradigm 

enabled us to elicit high, temporally precise, light-driven current at blue-shifted 

wavelengths compared to the unmodified rhodopsin’s peak activation wavelength. We 

screened a suite of rhodopsin-fluorescent protein fusions with an array of truncations to 

the rhodopsin’s C-terminus, and we were able to modestly tune the FRET efficiency 

between the fluorescent protein FRET donor and rhodopsin FRET acceptor. Because 

FRET is well-characterized and predictable, FRET-facilitated excitation represents an 
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alternative strategy to modulate the excitation spectra of optogenetic actuators by 

optimizing the fusion of a rhodopsin to the appropriate fluorescent protein without 

directly engineering the rhodopsin’s retinal-binding pocket, which has been historically 

more challenging [92, 94, 135-137]. This rational design could bypass time-consuming 

identifications of new species of rhodopsins with unique spectral sensitivities and 

screening their photophysical properties.  

However, modulating a rhodopsin’s activation spectrum via FRET had two main 

limitations: (1) an imbalanced tradeoff between increased FRET efficiency and decreased 

photocurrent, and (2) an incomplete spectral shift which resulted in poor compatibility 

with green-light-activated sensors for dual-channel applications. First, the main method 

by which we modulated the FRET efficiency of each of our rhodopsin-FP constructs was 

through decreasing the distance between the domains by truncating amino acids from 

the C-terminus of the rhodopsin or N-terminus of the fluorescent protein. However, 

these truncations introduced an imbalanced tradeoff between FRET efficiency and peak 

photocurrent. Constructs with shorter truncations, and consequently a greater distance 

between the rhodopsin and fluorescent protein, had higher raw peak photocurrent but 

reduced relative enhancement of photocurrent at blue-shifted excitation wavelengths; 

constructs with longer truncations had a modest increase in blue-light-activation 

efficiency, but significantly lower raw peak photocurrent at the rhodopsin’s original 

peak excitation wavelength. Additionally, we observed decreases in photocurrent in 



 

83 

rhodopsin-fluorescent protein fusions at shorter truncations than in the untagged 

rhodopsin. For example, we observed statistically similar photocurrent in untagged 

ChroMEΔ27 compared to the control, but we could only cut 21 amino acids from 

ChroME when it was fused to a fluorescent protein before the construct failed to 

express. 

Second, we were able to broaden the excitation spectrum of ChroME to achieve 

high efficiency excitation at blue-shifted wavelengths but did not fully shift the 

rhodopsin’s excitation spectrum. When fused to a CFP, ChroME had comparable 

excitation efficiency in the 450-480 nm range as ChroME’s native excitation efficiency at 

500 nm. However, this did not translate to a full shift in the rhodopsin’s excitation 

spectrum; the photocurrent driven by 500-600 nm excitation of ChroMEΔ15-mTFP is 

virtually equivalent to that driven in the unmodified rhodopsin. The preserved low 

sensitivity at high wavelengths precludes this tool from crosstalk-free, one-photon 

excitation experiments in parallel with other green/yellow-light-sensitive tools. This 

incompatibility is due to the low, sustained photocurrent driven by constant, moderate, 

yellow-light excitation. Under the same pulse conditions, excitation at wavelengths 

longer than 580 nm light drives negligible photocurrent. However, when cells 

expressing ChroMEΔ15-mTFP are excited by 450 nm pulses in conjunction with constant 

585 nm illumination, ChroMEΔ15-mTFP’s photocurrent changed in two ways: the 

baseline photocurrent depolarized the cell by a sub-threshold, but significant voltage, 
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and the peak photocurrent elicited by blue light was suppressed. This suppression could 

be due to several phenomena, including a decrease in the local ionic gradient necessary 

to drive photocurrent due to sustained opening of the rhodopsin under yellow-light 

excitation, desensitization of the rhodopsin to subsequent blue light pulses after the 

onset of constant yellow excitation, or inactivation of the rhodopsin’s photocycle by red-

shifted light [85, 134, 138, 148, 149]. This hypothesis is supported by electrophysiology of 

neurons expressing ChroMEΔ15-mTFP and excited by 2 ms pulses of 450 nm light at 

1.5 mW/mm2 under constant, 585 nm excitation at 0.5 mW/mm2. In several trials, the blue 

light pulses were initially sufficient to drive action potentials but only elicited 

subthreshold depolarizations after five seconds. 

Further engineering of this optogenetic tool or similar tools based on alternative 

rhodopsins or fluorescent proteins could improve its utility in additional modern 

neuroscientific experimental paradigms. Additional C-terminal truncations could 

further improve photocurrent at shorter wavelengths while the same cuts could 

simultaneously reduce the native rhodopsin’s photocurrent at longer wavelengths. Such 

an idealistic result could increase our capability to perform crosstalk-free, dual-channel 

experiments with these tools, specifically dual-color simultaneous optogenetics and 

imaging or two-photon optogenetic excitation. Crosstalk-free dual-color optogenetics 

and imaging could enable genetically targeted, optogenetic excitation of a particular 

neural population expressing a FRET-opsin in one channel, and imaging of the neural 
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activity of another population expressing a red genetically encoded sensor in another 

channel. This paradigm would enable neuroscientists to investigate the circuit dynamics 

between these populations on a large or mesoscopic scale. Enhanced two-photon 

optogenetic excitation would improve neuroscientists’ ability to target single cells at 

lower laser powers, which could reduce tissue heating or off-target excitation [150]. The 

superior spatial resolution imparted by two-photon optogenetics could enable 

researchers to investigate the role of individual neurons in driving ensemble activity 

with high precision [74]. 

Our current FRET-opsin configuration broadened ChroME’s activation spectrum, 

which could potentially facilitate excitation of the rhodopsin at shorter wavelengths. The 

effect is modest due to both the modest increase in ChroME’s spectrum at shorter 

wavelengths and relatively narrow absorption spectra of fluorescent proteins compared 

to rhodopsins. However, several strategies could improve upon the design described 

here to engineer a rhodopsin-fluorescent protein fusion which is more compatible with a 

wider range of experimental designs. First, a more comprehensive screen of the linker at 

the rhodopsin-FP interface or of alternative rhodopsins could potentially overcome our 

construct’s limitations in dual-color experiments. It is possible that screening short 

linkers between the FRET donor and acceptor or exploring a wider range of linker 

compositions could result in a more optimal tradeoff between the enhanced 

photocurrent at blue-shifted wavelengths and native photocurrent that we observed. 
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Short linkers could further increase FRET, which would enhance the blue-light activated 

photocurrent’s relative contribution to the rhodopsin’s activation spectrum. Balanced 

with reduction in the green- or yellow-light activated photocurrent arising from 

truncations to the rhodopsin, this paradigm could effectively produce a narrow, blue-

shifted spectrum, rather than a broadened spectrum. Additionally, different linker 

compositions could improve the orientation alignment between the FRET partners. 

While not engineered in this study, engineering the dipole orientation factor has 

previously been accomplished through screens of circular permutations of the 

fluorescent protein donor, which modulated FRET efficiency by nearly 50% [38, 40]. 

Alternative rhodopsins with a similar spectrum to ChroME but more tolerant to 

C-terminus truncations could also potentially improve the performance of this type of 

tool; such rhodopsins could enable higher FRET between the FP and rhodopsin without 

such severe loss of peak photocurrent. The overall enhanced spectral selectivity would 

result in reduced photocurrent crosstalk when used in parallel with green or yellow-

light-activated genetically encoded sensors and increase this type of construct’s utility in 

such dual-channel experiments. Second, further characterization of these constructs 

under two-photon excitation could potentially yield improved tools for two-photon 

optogenetic targeting of neurons. Several cyan fluorescent proteins, including those used 

in this study, have exceptionally high two-photon absorbance cross sections compared 

to even the brightest engineered green fluorescent proteins [147]. A high absorbance 
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cross section translates to high efficiency excitation of these fluorescent proteins by two-

photon excitation. Because rhodopsins have historically struggled to match their one-

photon photocurrent under two-photon excitation, it is possible that FRET-driven 

photocurrent mediated by fluorescent proteins with high two-photon cross-sections 

combined with off-peak rhodopsin photocurrent could supersede on-peak rhodopsin 

photocurrent under two-photon excitation alone. 
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4. Building the local fitness landscape of genetically 
encoded sensors using pooled optical screens and in 
situ sequencing 

Genetically encoded sensors have great utility in modern neuroscience research 

due to their ability to provide an optical readout of neural activity with high resolution 

across large scales. However, development of this class of tools is challenging because 

characterization of these sensors is labor intensive and low throughput. The necessity of 

cloning individual constructs and screening each construct in live mammalian cells has 

limited screens to single or pairwise saturation mutagenesis of critical protein domains 

over multiple rounds. However, even such long directed evolutions could miss the 

globally optimal combinations of mutations because the effects of mutations on protein 

function typically add non-linearly. Furthermore, most variants in pooled screens are 

not sequenced, so the rich relationship between sequence and function is lost. To 

overcome these limitations, we developed a method to screen a diverse library of 

genetically encoded sensors and recover the sequence of each variant via pooled 

screening and in situ optical sequencing. We validated this platform by engineering a 

sensor of the neurotransmitter acetylcholine. We performed saturation mutagenesis on 

four key residues simultaneously, which expanded our library’s diversity by two orders 

of magnitude compared to previous approaches. Our large-scale screens covered 

thousands of cells per round and enabled us to experimentally investigate combinatorial 

effects between mutations at different residues. Moreover, our large library of sequence-
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to-function data improved the accuracy of in silico strategies to predict sensor 

performance and inform targeted screens in subsequent rounds of evolution. 

4.1 Introduction 

Neuroscientists study the brain by recording neural activity using a wide array 

of technologies including genetically encoded protein tools. Protein tools fall into two 

broad categories: sensors that report neural activity via fluorescence imaging, and 

actuators that control neural activity under optical excitation. Genetically encoded 

sensors report neural activity through a variety of processes. Genetically encoded 

calcium indicators (GECIs) such as the GCaMP family of sensors [9, 10, 12, 14] rely on 

calcium sensitive domains bound to a circularly permuted fluorescent protein (cpFP). 

These sensors increase in brightness when bound to calcium ions, a proxy for neural 

activity. Genetically encoded voltage indicators (GEVIs) rely on voltage sensitive 

domains to detect changes in membrane potential and high frequency activity [16, 18, 

21, 49, 119-121, 123, 124, 151]. Neurotransmitter sensors rely on transmembrane 

receptors or periplasmic binding proteins to increase the brightness of a cpFP upon 

binding to a specific ligand [15, 19, 20, 22, 24, 25, 28, 29]. While development within both 

classes of tools has improved their fidelity and spectral diversity [11, 13, 17, 23, 50, 92, 

94, 108, 126, 143, 152, 153], further improvements are needed to access new types of 

neural activity with more detail in experimental neuroscience.  
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At present, advancement of these protein tools is limited by the scale of screens. 

The scale of screens for protein sensors has been low-throughput and labor intensive 

because these sensors necessitate dynamic screens in cultured mammalian cells. Protein 

sensors of neural activity have dynamic properties, including sensor kinetics and 

changes in fluorescence, that depend on cell membrane properties or ligand 

concentration. In addition, many voltage sensors and neurotransmitter sensors only 

function properly when trafficked to the membrane of mammalian cells. The 

combination of dynamic characterization and mammalian cell culture leads to time 

consuming screens. Each variant within a library must be individually cloned into a 

plasmid, delivered into high maintenance mammalian cell cultures in isolated wells or 

culture conditions, observed over time under various conditions in multiple cells, and 

finally sequenced by a Sanger sequencing reaction. Using this approach, one researcher 

could screen a few dozen variants in a span of several weeks, but the workload scales 

linearly with increasing library diversity.  

While some labs and organizations have addressed this large workload with 

increased human effort, other research groups have successfully increased throughput 

with semi-automated mechanisms to perform functional screens. These approaches still 

deliver one plasmid variant to each sample well but remove the need for 

electrophysiology by employing electrodes in each well that provide a uniform stimulus 

to electrically excitable cells. Arrayed imaging-based screens of thousands of sensor 
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variants have produced improved calcium sensors [14, 154], voltage sensors [26, 50, 155], 

and neurotransmitter sensors [19, 22, 24, 27, 156].  

Recently developed imaging-based screens further decrease manual labor and 

increase throughput by screening pooled libraries of genetically encoded sensors. These 

methods functionally characterize up to hundreds of thousands of protein variants in 

one well simultaneously under identical conditions. The screens then automatically 

identify and select a low proportion of cells with favorable phenotypes through various 

means such as vision-guided [21], photoinducible [103, 104], or microfluidics-based [105, 

106] selection methods. Finally, next-generation sequencing (NGS) of the selected cells at 

a single-cell or pooled scale identifies beneficial mutations that underlie the favorable 

phenotypes. 

Despite the substantial increase in the scale of functional characterization in the 

above semi-automatic or pooled screens, existing screens still cover only a small portion 

of the entire engineerable protein sequence space. The combinatorics of all possible 

amino acids at just 3-5 positions saturates the scale of the above screening technologies. 

Thus, existing approaches have focused their screens on limited sets of mutations such 

as pairs of adjacent amino acids, multiple rounds of screening for optimization, or 

mutations focused to different regions of the protein in each round [12, 14, 15, 17, 19, 21, 

22, 24-29, 50, 103, 104, 154]. Moreover, the limited scale of library genotyping discards 

significant useful information in the screen. Individual sequencing of single favorable 
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phenotypes overlooks the potentially useful effects of mutations in variants expressed in 

non-selected cells. Pooled sequencing produces population-wide information about 

favorable mutants but cannot comprehensively resolve which specific combinations of 

mutations, if any, supported the favorable phenotype of a particular selected cell. This 

missing link between the sequence and function of individual mutants complicates the 

isolation of individual favorable variants from the screen. 

To bypass the need to experimentally screen all possible variants and more 

thoroughly analyze protein fitness over a broader fitness landscape, several groups have 

employed machine learning to predict the characteristics of proteins. Researchers have 

developed machine learning algorithms that use three-dimensional structure prediction 

information [157, 158], partial sequence-fitness relationships of characterized protein 

libraries [72, 159, 160], or multiple sequence alignments (MSAs) of homologous proteins 

[161-168] to identify improved proteins with a diverse range of structural and functional 

properties. Recent computational protein design strategies performed in silico screens of 

up to millions of variants of fluorescent proteins [169, 170], genetically encoded 

sensors [28], and rhodopsins [72]. The computational methods ranged from linear 

regression to deep learning, but all relied on a large, highly diverse pool of variants with 

sequence and function information to serve as an instructive training dataset.  

Machine learning approaches trained on information that densely populates the 

sequence-fitness landscape will correctly model the combinatorial mutations that non-
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linearly affect protein function and accurately predict favorable mutations even if such 

mutations do not appear in the training set [171]. Researchers have developed machine 

learning techniques that predict the function of protein tools with supervised training on 

only dozens of functionally assayed mutants [169, 170]. However, such methods also 

leverage pre-existing knowledge from unsupervised training on hundreds to thousands 

of naturally existing protein variants of the engineered protein. Such highly instructive 

information is unlikely to exist for the class of protein sensors under investigation here, 

specifically sensors that fuse a sensing domain and fluorescent protein. These fusions 

have functional merits such as sensitivity-dependent changes in fluorescence and 

kinetics that are not directly tied to the natural evolutionary fitness of their component 

parts. Thus, information that can effectively train machine learning algorithms to 

accurately predict highly functional protein sensors must come from large-scale 

sequence-function screens.  

Executing such large-scale screens requires an experimental pipeline that 

overcomes the limitations of current methods. This pipeline should 1) comprehensively 

explore a broad combination of amino acid sequences at target sites that produce a 

diverse, functional library, 2) screen and sequence each variant in a single tissue culture 

plate, and 3) utilize the partial sequence-function relationship recovered from this screen 

as training data for machine learning-guided directed evolution. Here, we describe such 

a screening strategy for engineering genetically encoded indicators that facilitates site-
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directed mutagenesis, high-throughput screening, and in situ sequencing to cover a large 

amino acid space of a mutated region of a biosensor in a single experiment. We 

validated this strategy by engineering critical residues of the acetylcholine (ACh) sensor 

GACh3.0 [27]. This recently developed acetylcholine sensor generates a robust, 

concentration-dependent change in fluorescence due to an allosteric interaction between 

cpEGFP and a transmembrane acetylcholine receptor. However, our pipeline is 

potentially generalizable and could be applied to improve an array of protein tools. 

Our engineering pipeline employed experimental and computational 

innovations. First, we adapted recently developed in situ mRNA sequencing techniques, 

most notably the “BaristaSeq” method [111], to perform parallel optical sequencing of 

cells containing protein variants.  Optical sequencing requires amplifying reverse 

transcribed mRNA to generate DNA amplicons containing the mutations of each 

candidate gene, and then iteratively sequencing the bases of the mutated regions via 

sequencing-by-synthesis. This technique has been adapted to enable functional 

genomics using imaging-based screens, particularly in a recent study that assessed the 

effects of CRISPR-induced genetic perturbations at a large scale [112, 172]. Modifications 

to this technique enabled us to identify variants with beneficial mutations and generate 

a fitness landscape describing the relationship between each variant’s sequence and 

function. Second, we used this experimental fitness landscape to train a neural network 

that predicted the fitness of unseen mutants with moderate accuracy. Our relatively 
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dense sampling of the fitness landscape served as instructive training data that enriched 

for beneficial mutations in the larger mutation space of the targeted residues of the 

protein sensor. 

4.2 Materials and methods 

4.2.1 Plasmid and library construction 

We used Gibson assembly (NEB) to assemble a bicistronic construct encoding the 

following proteins and motifs from 5’ to 3’: GACh3.0, a TS-ER motif [127] to improve 

GACh3.0’s membrane localization, the P2A self-cleaving peptide [173], mTagBFP2 [174], 

and the cMyc5 nuclear localization signal [175] to target BFP expression to the cell 

nucleus. We used overlap PCR with randomized primers (NNK codons) to perform 

simultaneous saturation mutagenesis of GACh3.0 S347, K348, Y530, and H532. We used 

NEBuilder Hifi Assembly (NEB) to perform two-fragment assembly which inserted the 

GACh library fragment into a digest of the same bicistronic construct described above, 

replacing GACh3.0. All constructs were expressed under the CAG promoter in a 

plasmid containing both the WPRE sequence, which enhances expression [176], and the 

SV40 origin of replication site, which promotes plasmid replication in the presence of the 

SV40 large-T antigen [177]. 

We then amplified the pooled library in bacterial culture. We purified and 

concentrated the Hifi Assembly product using a DNA clean and concentrator kit (Zymo 

Research). We electroporated 10 ng of the product into 20 µL of MegaX DH10B T1R 
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electrocompetent cells (Invitrogen). We loaded the bacteria in pre-chilled 1 mm gap 

electroporation cuvettes (BioRad) and used the Gene Pulse Xcell System (BioRad) to 

apply an exponential pulse with a peak of 2000 volts, 25 µF capacitance, and 200 Ω 

resistance. After transferring the bacteria into 1 mL of recovery media (Invitrogen), we 

grew the bacteria for 1 hour in a 37°C shaker at 250 rpm. Then, we cultured 

approximately 2 million colony forming units in a 3-D suspension consisting of 

2.5% LB Broth (Ambresco) and 0.4% low-melting-temperature SeaPrep Agarose (Lonza). 

We harvested the bacteria after incubating at 37°C for 16 hours and purified the library 

using a plasmid maxiprep kit (Qiagen). 

4.2.2 Cell culture, electroporation, and cell sorting 

We delivered the library to HEK293T cells by co-electroporating 50 ng of the 

library plasmid with 1 µg of a plasmid encoding the SV40 large-T antigen (Addgene 

plasmid #18922) per million cells. We targeted approximately 2% electroporation 

efficiency of the library plasmid to minimize co-expression of multiple plasmids. Briefly, 

we washed cells in phosphate buffered saline (PBS) pre-warmed to 37°C, delaminated 

cells by incubating cells in 0.05% trypsin in PBS at 37°C for 3 minutes, then resuspended 

cells in the full culture medium described above. We spun down cells at 200 rcf for 

5 minutes at 4°C and then resuspended the pelleted cells in PBS. We quantified the 

number of viable cells by preparing a mixture of 20 µL of resuspended cells and 20 µL of 

0.4% trypan blue stain (BioRad) and counted cells using a TC10 Automated Cell Counter 
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(BioRad). We again spun down the cells at 200 rcf for 5 minutes at 4°C and then 

resuspended them in Gene Pulser Electroporation Buffer (BioRad) at a concentration of 

10 million cells per mL. We then added the library plasmid to the cells and transferred 

the cells into 0.4 mm gap electroporation cuvettes (BioRad). We electroporated HEK293T 

cells using the Gene Pulse Xcell System (BioRad) to apply a single, 10 ms square wave 

with an amplitude of 200 volts. We immediately added 1 mL of pre-warmed culture 

medium to each cuvette and then transferred the cells into 15 cm cell culture plates 

(VWR). We cultured HEK293T cells in Dulbecco’s Modified Eagle Medium (DMEM) 

(Gibco) supplemented with 10% fetal bovine serum (FBS) (Gibco) and 1% penicillin-

streptomycin (Gibco).  

One day after electroporation, we selected for GACh library+ cells using 

fluorescence activated cell sorting (FACS). We prepared electroporated cells by 

passaging and resuspending them in DMEM supplemented with 1% FBS, 1% penicillin-

streptomycin, 10 mM EDTA, 2.5 mM MgCl2, and 50 µg/mL of DNase at a concentration 

between 5 and 8 million cells per mL. Immediately before sorting, we filtered cells 

through a 30 µm strainer to prevent cells from clumping in the sorter. We selected all 

BFP+ and GFP+ cells by sorting them through a 100 µm nozzle at 20 psi through a BD 

FACSAria II flow cytometer using a 405 nm and a 488 nm laser to measure BFP and GFP 

intensity, respectively, and we analyzed results using BD FACS Diva software. We 

collected cells in 100% FBS, spun them down at 200 rcf for 5 minutes at 4°C, and 
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resuspended them in conditioned media consisting of 70% fresh cell culture medium 

and 30% of the electroporated cells’ original cell culture medium. We plated the sorted 

cells on glass-bottom 96-well plates (Cellvis) treated with poly-D-lysine (Gibco) at a 

target density of 40,000 cells per well. 

4.2.3 Pooled functional screening 

We performed acetylcholine imaging one day after sorting and plating cells. 

Before imaging, we washed the cells with PBS and replaced the cell culture medium 

with extracellular Tyrode’s solution comprised of 150 mM NaCl, 4 mM KCl, 10 mM 

glucose, 10 mM HEPES, 2 mM CaCl2, and 2 mM MgCl2. We used an Axiovert 200M 

inverted microscope (Zeiss) and OrcaFlash4.0 digital CMOS camera (Hamamatsu) to 

image mTagBFP2 and GACh variant fluorescence through a 20×/0.70 NA UCPlanFLN 

objective (Olympus). We loaded the 96-well plate onto a moving stage controlled by the 

MAC5000 automated controller system (Ludl Ltd.) and aligned the field of view with 

the center of the well. We used Micro-Manager 2.0 software to automatically tile an area 

of the well of approximately 3250 × 3250 µm2 split into 25 fields of view that overlapped 

by 10%. For each field of view, we acquired a z-stack of 5 images separated axially by 

6 µm and centered on a plane determined by autofocusing the camera to maximize the 

image’s fast Fourier transform (FFT).  

We sequentially imaged mTagBFP2 and GACh fluorescence for each field of 

view using a 385 nm LED (Thorlabs, M385L3) and 490 nm LED (Thorlabs, M490L4), 
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respectively. Each LED was controlled by a 4-channel LED driver (Thorlabs, DC4100) 

through Micro-Manager 2.0. The 385 nm light reflected off a 452 nm longpass dichroic 

mirror (Semrock, FF452-Di01-25x36) into the back of the microscope, through a 

378/52 nm excitation filter (Semrock, FF01-378/52-25), and reflected from a 414 nm 

longpass dichroic (Semrock, FF414-Di01-25x36) toward the sample. BFP fluorescence 

passed through a 460/50 nm emission filter (Zeiss, BP 460/50) to the camera. Similarly, 

490 nm LED light passed through the 452 nm longpass dichroic mirror into the back of 

the microscope, through a 470/40 nm excitation filter (Zeiss, filter set 38 HE) and 

reflected off a 495 nm longpass dichroic mirror (Zeiss) toward the sample. GACh 

fluorescence passed through a 525/50 nm emission filter (Zeiss) to the camera.  

To measure the sensitivity of the GACh library to various concentrations of 

extracellular acetylcholine, we replaced 75 µL of the 100 µL media in the well with 

Tyrode’s solution formulated as described above spiked with acetylcholine chloride 

(Sigma). The partial buffer replacement helped minimize cell displacement between 

imaging sessions. To achieve an extracellular concentration of 1 µM, we replaced 75 µL 

of the extracellular media with Tyrode’s solution and 1.33 µM acetylcholine. To achieve 

a saturating extracellular concentration of 100 μM, we replaced 75 μL of the Tyrode’s 

solution containing 1 µM acetylcholine with 75 µL of Tyrode’s solution containing 

133.0 µM acetylcholine. 
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4.2.4 Reverse transcription and rolling circle amplification 

After imaging, we carefully aspirated the extracellular solution and fixed cells in 

4% paraformaldehyde (PFA) by volume in PBS for 10 minutes. Following fixation, we 

washed each well 5 times with PBS. We then stained the cells with 100 µL of PBS and 1% 

CellBrite green cytoplasmic membrane dye (Biotium) per well for 15 minutes. Following 

membrane staining, we washed each well 5 times with PBS and acquired images of the 

membrane fluorescence using the same parameters described above.  

We then reverse transcribed and amplified the mutated GACh gene following a 

modified version of protocols used by Chen and colleagues [111] and Feldman and 

colleagues [112]. We permeabilized cells by washing them with pre-chilled 100% 

methanol 3 times for 1 minute per wash and then washing each well 3 times with PBS 

and 0.5% Tween-20 (PBS-T). We then reverse transcribed GACh library mRNA by 

assembling two solutions. The first solution consisted of a mixture of 3 gene-specific 

LNA primers with a 5’-aminoallyl modification at a final concentration of 1 µM, 500 µM 

of mixed dNTPs (NEB), 40 µM of aminoallyl-dUTPs (Thermofisher), and water at a 

volume to bring the total volume of both RT reaction solutions to 100 µL. The second 

solution consisted of 20 U/µL of Maxima H– reverse transcriptase, 20 µL of 5× RT Buffer 

(Thermofisher), 1 U/µL of RNase inhibitor (Thermofisher), and 0.2 µg/µL of BSA (NEB). 

We incubated each well in the first solution at 65°C for 10 minutes followed by 
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incubation on ice for 5 minutes. We then added the second solution and incubated each 

plate at 50°C for 2 hours followed by a heat inactivation at 85°C for 5 minutes.  

Next, we washed the cells 3 times with PBS-T and crosslinked the cDNA 

transcripts by incubating the cells in 50 mM BS(PEG)9 (Thermofisher) in PBS-T for 1 

hour at room temperature. We then neutralized the crosslinking reagent by incubating 

each well in 1 M Tris-HCl at pH 8.0 for 30 minutes at room temperature. We then 

washed the cells 3 times with PBS-T and then assembled a single reaction for padlock 

probe hybridization, gap-filling, and ligation. This reaction consisted of 0.2 U/µL of 

Phusion polymerase (Thermofisher), 0.5 U/µL of Ampligase and 10 µL of 10× Ampligase 

buffer (Lucigen), 0.4 U/µL of RNase H (Thermofisher), 1 U/µL of RNase inhibitor 

(Thermofisher), 0.1 µM of each padlock probe, 75 µM of mixed dNTPs (NEB), 50 mM 

KCl, 20 µL of formamide, and water up to a total reaction volume of 100 µL per well. We 

incubated each well in this gap-filling reaction at 37°C for 30 minutes followed by a 45°C 

incubation for 90 minutes.  

Then, we washed each well 3 times with PBS-T followed by 2 washes with 

rolling circle amplification (RCA) primer hybridization buffer comprised of 2× SSC 

buffer and 30% formamide. We then incubated each well in 100 µL of RCA primer 

hybridization buffer with 1 µM of each padlock-specific RCA primer at 50°C for 1 hour 

followed by another incubation in the RCA primer hybridization buffer without RCA 

primers at 50°C for 10 minutes. We then washed each well 1 time each with 2× SSC 
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buffer and 1× SSC buffer, followed by 3 washes with PBS-T. We generated RCA 

amplicons, or “rolonies,” overnight by incubating the cells at 30°C in an RCA reaction 

mix consisting of 1 U/µL phi29 polymerase and 10 µL of 10× phi29 polymerase buffer 

(NEB), 375 µM of mixed dNTPs (NEB), 30 µM of aminoallyl-dUTPs, 0.2 mg/mL of BSA, 

5 µL of glycerol, and water up to a total reaction volume of 100 µL per well. 

4.2.5 Sequencing by synthesis and imaging 

We performed optical mRNA sequencing with Illumina MiSeq kit reagents using 

a protocol similar to that described by Feldman and colleagues [172]. Following RCA, 

we washed cells 3 times in PBS-T, then hybridized a sequencing primer by incubating 

each well in a mixture of 2× SSC buffer, 10% formamide, and 2.5 µM of the sequencing 

primer at 37°C for 45 minutes. We then washed the cells twice in the sequencing primer 

hybridization buffer without primer, then twice with room temperature Illumina 

incorporation buffer (PR2). We then incubated each well in 100 µL of fluorescent-dye-

tagged nucleotide mix (Illumina MiSeq kit reagent #1) at 60°C for 5 minutes. We diluted 

the nucleotide mix with 100 µL of room temperature PR2 buffer and then performed 5 

washes with room temperature PR2 buffer followed by 5 washes with PR2 buffer pre-

warmed to 60°C for 4 minutes per wash.  

For imaging each cycle, we replaced the PR2 buffer with 2× SSC buffer. We used 

a similar imaging setup as described above but with LEDs and filter sets specific to each 

dyed nucleotide. Guanine, thymine, adenine, and cytosine are tagged with Cy3, 
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Alexa594, Cy5, and Cy7, respectively. Therefore, we designed an LED bank containing 

530 nm (Thorlabs, M530L4), 595 nm (Thorlabs, M595L3), 625 nm (Thorlabs, M625L3), 

and 730 nm (Thorlabs, M730L5) LEDs to target each dye. The 530 nm LED’s light 

reflected off a longpass dichroic mirror with a cutoff wavelength of 560 nm (Semrock, 

FF560-Di01-25x36) before entering the microscope; the 595 nm LED’s light reflected off a 

longpass dichroic mirror with a cutoff wavelength of 605 nm (Semrock, FF605-Di02-

25x36) and passed through the 560 nm longpass dichroic mirror; the 625 nm LED’s light 

reflected off a longpass dichroic mirror with a cutoff wavelength of 665 nm (Semrock, 

FF665-Di02-25x36) and passed through the other two dichroic mirrors; and the 730 nm 

LED’s light passed through all three dichroic mirrors before entering the microscope.  

Within the microscope, the 530 nm LED’s light and 625 nm LED’s light, which 

targeted Cy3 and Cy5, respectively, passed through a multiband excitation filter 

(Semrock, FF01-534/625-25) and reflected off a multiband dichroic mirror (Semrock, 

FF560/659-Di01-25x36). Cy3 and Cy5 emission were filtered through a multiband 

emission filter (Semrock, FF01-577/690-25). The 595 nm LED’s light and 730 nm LED’s 

light, which targeted Alexa594 and Cy7, respectively, likewise passed through a 

multiband excitation filter (Chroma, 89403x) and reflected off a multiband dichroic 

mirror (Chroma 89403bs). Alexa594 and Cy7 emission were filtered through a multiband 

emission filter (Chroma 89403m). We again acquired z-stacks for each field of view 

surrounding the autofocused plane of the Alexa594 channel. We applied a –6 µm z offset 
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to the Cy5 and Cy7 channels to account for differences in the optics corresponding to 

these channels. 

After imaging each cycle, we washed each well with room temperature PR2 

buffer followed by an incubation in a mixture to cleave the dye from the previous cycle’s 

base (Illumina MiSeq kit reagent #4) at 60°C for 6 minutes. We then performed 5 washes 

with room temperature PR2 buffer followed by 3 washes with PR2 buffer pre-warmed to 

60°C for 1 minute per wash. Finally, we performed 3 more washes with room 

temperature PR2 buffer. We then began the next sequencing cycle. 

After reading all bases of the target from the first padlock, we washed each well 

3 times with PBS-T. We then terminated the sequencing by synthesis by incubating each 

well at 60°C for 10 minutes in a solution consisting of 0.2 U/µL of Therminator DNA 

polymerase,10 µL of 10× Therminator buffer (NEB), 50 µM of each of 4 acyclonucleotides 

(NEB), and water up to a total reaction volume of 100 µL per well. Following this 

incubation, we washed cells 5 times with PBS-T and then 5 times with 2× SSC buffer. We 

then repeated the sequencing primer hybridization and optical sequencing for the 

second padlock’s target. 

4.2.6 Image processing 

We performed most image processing using MATLAB. First, we selected the 

most in-focus images for each fluorescence channel from each z-stack by identifying 

images with the most high-frequency spatial information. We registered all the 
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mTagBFP2 channel images from acetylcholine imaging to the mTagBFP2 channel of the 

images of the dyed membranes of all cells. We then applied the resulting registration 

transforms to the respective GACh green fluorescence channel images. Then, we 

performed an affine transformation to register the max projection of each sequencing 

channel to the max projection of the Alexa594 channel for each field of view. We 

performed a second registration of the Alexa594 channel for each field of view and each 

sequencing cycle to the image of the dyed cell membranes. We applied the same 

transforms to the respective pre-registered images for all other sequencing channels. 

To prepare images for cell segmentation and base calling, we pre-processed them 

by compensating for non-uniform background and then applying a spatial high pass 

filter. To estimate the background, we spatially downsampled the image by a factor of 4 

using the 20th percentile of pixel values in each nonoverlapping 4 × 4-pixel window. We 

estimated the background as the 20th percentile of pixel values within a moving 

201 × 201-pixel window from the downsampled image, and then upsampled the 

background back to the original image size. We normalized each image with respect to 

its estimated background. We applied a high pass filter to images of membrane-dyed 

cells to accentuate cell membranes and applied a Gaussian filter to sequencing images to 

accentuate punctate, rolony-like features. 
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4.2.7 Deep learning for image segmentation 

We adapted the cell segmentation algorithm from a previous method [178] with 

several modifications. We eliminated the R-CNN that the original paper used to detect 

cell bounding boxes and used a different strategy to generate watershed markers. Our 

algorithm consisted of two major steps: distance prediction and watershed 

segmentation. First, we used a convolutional neural network (CNN) to predict the 

Euclidean distance transform (EDT) from the pre-processed images. The EDT of a pixel 

was calculated as the Euclidean distance from each pixel to the nearest extracellular 

pixel. The CNN architecture was the same as the deep distance estimator in the original 

paper [178], which had an encoder-decoder architecture of 6 depths. Second, we used 

the watershed algorithm [179] to segment the CNN-predicted EDT image into discrete 

cells. We used the local maxima of the EDT image as the initial watershed markers. To 

avoid using multiple markers from within the same cell, we identified close local 

maxima whose distance from each other was smaller than the typical diameter of cells. If 

the EDT of the pixels between these close local maxima did not drop significantly 

compared to the local maxima of the EDT, then we removed the lower local maximum 

and kept only the higher one. We then used watershed segmentation seeded with the 

remaining local maxima to segment the negative of the CNN-predicted EDT image. We 

set all pixels with EDT < 0.2 as background pixels. We refined the segmentation results 

by removing small or irregular areas. We calculated the edge-to-area ratio of each 
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putative segmented cell, and removed the segmented masks and markers for cells 

whose edge-to-area ratio was larger than 0.2. We then applied watershed segmentation 

to the negative EDT image again, using the remaining markers to absorb the small, false 

cells into nearby true cells (Figure 31). 

 

Figure 31: An encoder-decoder architecture and watershed algorithm 

segmented fluorescently dyed cells. We input spatially filtered fluorescence images of 

cells stained with a green membrane dye (left) to a 6-depth encoder-decoder which 

predicted the Euclidean distance transform (EDT) of each pixel (middle). The local 

maxima of the EDT image (red points) seeded the watershed algorithm, which 

segmented the image into final cell masks (right). The encoder-decoder was adapted 

from Wang, et al [178]. Scale bars are 50 µm. 

To generate training data, we manually drew the masks of fluorescent cells in 

training images of cells stained with membrane dye. Pixels within cells were labeled as 

1, and the background pixels were labeled as 0. We separated overlapping cells by 

setting pixels belonging to multiple cells as 0. We calculated the EDT of each mask and 

generated a summary EDT image as the pixel-wise maximum EDT across all masks. We 

cropped the full images, including the pre-processed fluorescence image and the EDT 

image, into nonoverlapping 256 × 256-pixel patches. We used the cropped images to 

train the CNN, where the fluorescence images were the inputs, and the EDT images 
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were the outputs. We performed random flips and rotations on the input and output 

images as data augmentation. We used mean squared error (MSE) as the loss function. 

We trained the CNN for at most 1000 epochs, but we stopped training if the loss did not 

further decrease for 50 epochs. 

4.2.8 Deep learning for rolony segmentation and classification 

We used a multi-class U-Net with 4 depths to identify and classify rolonies from 

4-channel optical sequencing images. The input of the CNN was 4-channel images 

where each channel corresponded to 1 of the 4 optical sequencing channels. We 

highlighted rolonies by applying a Gaussian bandpass filter with a lower spatial feature 

cutoff of σ = 3 pixels and an upper spatial feature cutoff of σ = 40 pixels. We suppressed 

the prominence of noisy background features by applying a gamma transformation to 

the image with a gamma factor of 0.7. We also limited the range of input intensity of the 

resulting image. The output of the CNN was a 5-class probability map, where the first 

class corresponded to the background and the remaining 4 classes corresponded to one 

of the 4 bases. We then attributed each pixel to the class having the highest probability at 

that pixel. We processed the full images in 128 × 128-pixel patches and merged the 

results from all patches to generate a summary image for each field of view (Figure 32). 
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Figure 32: A multiclass U-Net segments rolonies from each sequencing 

channel. We spatially filtered the 4-channel optical sequencing images (left) and input 

them to a 4-depth U-Net (middle) which predicted the nucleotide identity of rolonies 

corresponding to each pixel (right). The number of channels in each feature map are 

above the diagram of the U-Net architecture. Scale bars are 50 µm in the full images 

and 10 µm in the inset. 

To train the CNN, we manually labeled rolonies in training images containing a 

sequencing target with a known sequence. We labeled the center of each rolony and 

generated a circle with a 5-pixel radius mask centered on each label to fully encapsulate 

labeled rolonies. We assigned values between 1 and 4 to each mask corresponding to 

their known base, and we assigned background pixels with values of 0. We then 

converted the labels to sets of binary 5-class masks; labels in the 0th class mask 

represented background pixels, and labels in mask classes 1 through 4 contained rolony 

pixels corresponding to each base. The 5-class masks were the ground truth labels used 

to train the CNN. We used generalized dice loss [180] of order 1 as the loss function to 

train the CNN. We trained the CNN for 200 epochs and performed random flips, 

rotations, and intensity scaling on the images and labels for data augmentation. 
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4.2.9 Analysis of sensor response 

We calculated the fluorescence (F) as a function of acetylcholine concentration for 

each cell in MATLAB. We first dilated the edges of the cell masks output by the cell 

segmentation network described above to create 7-pixel thick boundary regions of 

interest. We calculated the fluorescence for each cell as the mean of the intensity in this 

boundary region. To address instances where cells shared membrane pixels, we 

calculated the overlap between each cell boundary region of interest and all other masks. 

We prioritized the intensity computation for cells with the lowest overlap between their 

mask and the masks of all other cells and calculated the average fluorescence intensity of 

the portion of the mask that was not overlapped with other masks. We then subtracted 

that intensity from the entire mask to remove the cell’s fluorescence contribution to 

nearby cells. We repeated this process until we calculated the fluorescence for each cell 

under each imaging condition. Using the average fluorescence intensities, we calculated 

the change in fluorescence (ΔF/F0) for each cell, defined as the difference in fluorescence 

between the high acetylcholine and baseline conditions, normalized by the baseline 

fluorescence. For each cell, we calculated the corresponding shot-noise limited signal-to-

noise ratio (SNR) defined as ΔF/F0 × √F0.  

Within each mask, we called a base for each cycle based on the following criteria: 

1) if at least 10% of the pixels in a mask corresponded to a given channel, 2) if fewer than 

30% of the pixels in a mask corresponded to the 2nd most frequently occurring class, and 
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3) if the number of pixels corresponding to all classes besides the primary class was less 

than half that of the number of pixels corresponding to the primary class. In cells with at 

least 9 base calls across the 12 mutated nucleotides, we manually inspected the images 

corresponding to each sequencing channel to recover the missing cycles’ base calls. 

4.2.10 Machine learning-guided directed evolution 

We guided the design of a targeted library with a higher proportion of functional 

variants by developing a 4-layer, fully connected neural network to make functional 

predictions. The top input layer was the variants’ amino acids’ Georgiev encoding [181] 

followed by a 20% dropout. The two intermediate layers contained 24 and 8 units, 

respectively, each followed by an exponential linear unit (ELU) activation layer. The 

final layer was a single output unit that predicted fitness for each variant. We trained 

two networks to predict the fluorescence under either high or low acetylcholine 

concentrations from the input amino acid sequence using MSE as the loss function. We 

trained the neural network on the sequence-fitness relationship determined from our 

first-round screen. We excluded the variants in the lowest 2.5th percentile from the 

training data and normalized all fluorescence values to the maximum fluorescence 

under the high acetylcholine condition. To avoid over-representing any specific variant’s 

fitness, we used the median of each variant’s fluorescence for each condition in the 

training data. We used 9-fold, leave-one-out cross-validation to evaluate the model’s 
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accuracy and trained for 1000 epochs per cross-validation with data shuffling at every 

epoch. We saved one set of 9 networks for each acetylcholine condition. 

We used the two sets of trained networks to predict the relative fluorescence 

under low and high acetylcholine concentrations of all possible combinations of 

mutations in the 4 amino acid, 160,000 variant space. We used the median set of 

predictions from the set of 9 networks as the predicted fluorescence value for each 

condition and re-normalized the predictions of all variants to the predicted fitness of 

GACh3.0 under the high acetylcholine concentration. We identified approximately 1,000 

top-performing variants with predicted partial functionality and change in fluorescence 

between low and high acetylcholine conditions. We designed degenerate codons using 

mixed bases to proportionally represent the most frequently occurring amino acids at 

each of the 4 mutated residues in the top 1,000 variants. We synthesized a second library 

using the same approach described above.  

4.3 Results 

4.3.1 Pooled characterization and in situ sequencing enabled high-
throughput screens of genetically encoded sensors 

We developed a platform for evolving genetically encoded sensors that 

employed pooled, optical, functional characterization and direct, in situ mRNA 

sequencing of targeted mutations. This screening pipeline required three main 

components: 1) a strategy for pooled library delivery that minimizes co-expression of 

multiple variants in single cells, 2) a strategy for optical characterization and reliable, 
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high SNR optical sequencing, and 3) a strategy to accurately register, segment, and 

classify images across functional characterization imaging sessions and sequencing 

imaging sessions (Figure 33). 

 

Figure 33: Pooled optical screen and in situ sequencing workflow. Top left: We 

applied increasing concentrations of extracellular acetylcholine to sorted library cells 

and imaged multiple fields of view for each condition. Top middle: We then extracted 

the sensor response by segmenting the membranes of all cells, registering the images 

across sessions, and calculating the average fluorescence of membrane pixels for each 

cell mask. Bottom left: We sequenced mutations on each variant by producing rolling 

circle amplicons containing the mutated sequence and incorporating dyed nucleotides 

repeatedly to read each base. Bottom right: We registered all sequencing images to the 

fluorescence images and used deep learning to determine the nucleotide identity in 

each cell. Top right: We combined the sensor response and sequence to generate a 

sequence-fitness relationship for variants of the sensor. Scale bars are 5 µm. 

We transiently delivered a mutant library via electroporation to facilitate sparse 

expression and minimize the probability that individual cells co-expressed multiple 
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members of the library. Although viral delivery has previously been employed to 

facilitate sparse expression of pooled libraries and enables stable expression of 

transgenes [182, 183], we opted for transient, non-viral delivery to enable more flexibility 

and faster turnaround between library design and delivery. To validate this delivery 

strategy, we co-electroporated HEK293T cells with plasmids separately encoding the 

yellow FP mVenus [110] or cyan FP mTurquoise2 [184] in equal amounts from 25 ng to 

400 ng of plasmid DNA (pDNA) total. One day later, we quantified the total 

electrotransfection efficiency (eTE) and proportion of electroporated cells that expressed 

a single FP or both FPs.  

 

Figure 34: Electroporating low doses of multiple plasmids resulted in a low co-

expression rate. Left: We co-electroporated equal amounts of plasmids encoding a YFP 

or CFP ranging from 25 ng to 400 ng total. Total electroporation efficiency scaled 

linearly with the dose of pDNA (dark gray bars). However, the proportion of 

transfected cells expressing a single FP scaled non-linearly with lower doses of DNA 

(white bars). Right: The co-expression rate scaled approximately linearly with 

electroporation efficiency. Electroporation efficiencies of 1-3% resulted in average co-

expression rates of 5-12%. On average, these co-expression rates were 4.2× higher than 

the theoretical relationship (gray line) [185]. Error bars represent mean ± s.d. 
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Low doses of pDNA ranging from 25 ng to 50 ng per million HEK293T cells 

resulted in relatively low eTEs of approximately 1-3% and co-expression rates of 5-12% 

in electroporated cells across 5 fields of view containing approximately 750 cells per 

field of view (Figure 34). This co-expression rate is an approximately ten-fold increase in 

transfection efficiency compared to calcium phosphate transfection-based library 

delivery at comparable co-expression rates [21]. 

After sparsely delivering the library co-expressed with nuclear-localized 

mTagBFP2, we sorted BFP+ cells and plated them for subsequent imaging and in situ 

sequencing. The sequencing workflow required cell fixation and mRNA crosslinking 

[186] followed by hybridization of padlock probes which flank each mutated sequence. 

We then filled the gaps between the probes’ arms, which contained the target sequences, 

and ligated the DNA into a ring. Finally, we amplified the circularized template DNA 

and target sequences via rolling circle amplification (RCA). Existing in situ strategies 

were developed and validated using a sequencing target on a highly expressed, self-

replicating virus [111] but were not sensitive enough to produce detectable RCA 

amplicons, or “rolonies,” in cells electroporated with a single plasmid without 

optimizing detection efficiency. By modifying the fixation conditions and reverse 

transcription reaction, we improved rolony detection in chemically transfected cells by 

over an order of magnitude and enabled robust rolony detection in electroporated cells 

(Chapter 4.2.4). 
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Figure 35: Optimized padlocks detected both sequencing targets with high 

efficiency. We screened 6 padlocks each for the cpEGFP target (left) and cpEGFP-ICL3 

linker target (right). The highest performing padlocks for each target enabled rolony 

detection in over 90% of transfected cells (blue bars) and produced more rolonies per 

cell than the other padlocks, which we quantified by determining the ratio of 

on-target rolony fluorescence to BFP fluorescence for each cell (red bars). Error bars 

represent mean ± s.d. 

For each sequencing target in our library, we screened 6 padlocks with varying 

backbone compositions, melting temperatures, and total lengths, all of which critically 

influenced rolony detection efficiency (Appendix). We adapted backbone sequences from 

a previous study [112] and designed the 5’ binding arm of each padlock with an average 

melting temperature of 47°C. From this screen, we identified a padlock for each target 

which produced detectable rolonies in >90% of transfected cells (Figure 35). Finally, in 

order to enable sequencing of each target independently, we used a modified 9°N 

polymerase [187] to incorporate acyclonucleotides (acycNTPs) after the final sequencing 

cycle of the first target. These modified nucleotides lack the 3’ carboxyl group present on 

typical nucleotides and thus act as chain terminators [188]. Incorporating acycNTPs 
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enabled us to terminate the first sequencing read and begin the second read with high 

efficiency.  

We processed the images from both functional characterization and sequencing 

by registering them to each other and using two convolutional neural networks (CNNs) 

to generate a mask corresponding to each cell to evaluate the sensor response and 

recover the mutated sequence. We trained the CNN for cell segmentation on manual 

labels of cells stained with a green fluorescent membrane dye (Chapter 4.2.7). We trained 

the CNN for rolony identification on manual labels of rolonies in the fluorescence 

channels corresponding to each nucleotide (Chapter 4.2.8). This network achieved an 

average intersection over union (IoU) of 0.66, 0.52, 0.65, and 0.65 for the channels 

corresponding to thymine, cytosine, guanine, and adenine, respectively. These IoUs all 

exceeded the 0.5 benchmark and enabled accurate identification of labeled nucleotides. 

4.3.2 Our pooled screening and sequencing pipeline constructed a 
fitness landscape of the acetylcholine sensor GACh3.0 

We validated this screening strategy by analyzing the combinatorial effects of 

4 mutations to the acetylcholine sensor GACh3.0 [27]. GACh3.0 consists of cpEGFP 

inserted in the 3rd intracellular loop (ICL3) of a muscarinic acetylcholine receptor (M3R). 

The sensor’s response to extracellular acetylcholine relies on an allosteric interaction 

between the receptor domain and cpEGFP upon ligand binding. Previous engineering of 

this sensor and neurotransmitter sensors with highly similar architecture demonstrated 

that the composition of the amino acids linking cpEGFP and the ICL3 insertion point 
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critically governed the sensor’s fluorescence response [19, 22, 24, 27]. Therefore, we 

reasoned that simultaneously mutating pairs of amino acids on each linker could enable 

us to investigate combinations of critical mutations that have not been characterized. 

However, because the amino acids at the amino-terminus of cpEGFP have been 

conserved across all previous generations of this sensor, we sought to identify more 

impactful residues that could also interact with the carboxy-terminal linker’s amino 

acids, Y530 and H532, in the sensor’s ligand-bound state. We used AlphaFold [189] to 

generate structural predictions of GACh3.0 and identified two amino acids, S347 and 

K348, on cpEGFP’s β-barrel whose side chain orientation suggested that they could 

influence the sensor’s fluorescence response to acetylcholine. These residues are in close 

physical proximity to the termini of cpEGFP, and they have been previously screened in 

the development of cpEGFP-based genetically encoded sensors [16, 22, 26, 190]. 

We randomly mutated the above targets simultaneously to generate our library. 

We cloned this library into a bicistronic construct that facilitated co-expression of 

nuclear-localized BFP and delivered 50 ng of the library per million HEK293T cells. We 

separately electroporated cells with an identical plasmid encoding GACh3.0 and spiked 

in these cells equivalent to 2% of the total number of cells. This enabled us to normalize 

mutant fitness against GACh3.0 fitness in each screen. We enriched for all BFP+ cells 

using FACS and seeded approximately 40,000 cells per well in 96-well plates. For each 

well, we scanned 25 fields of view that each spanned 726 × 726 µm2.  
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Figure 36: Saturation mutagenesis to critical residues of GACh3.0’s cpEGFP 

domain and cpEGFP’s C-terminal linker produced variants with generally low fitness. 

Left: We used a structural prediction of GACh3.0 to identify two amino acids on 

cpEGFP’s β-barrel (S347 and K348) and two amino acids at the cpEGFP-ICL3 junction 

(Y530 and H532) as candidates for mutagenesis (cyan). Top right: Each nucleotide was 

proportionally represented in the randomized codons used to synthesize our library. 

Most cycles had equal representation of each nucleotide, while every third cycle was 

equally split between thymine and guanine. Bottom, middle: Most mutants had low 

functionality, but a modest proportion had partial fitness relative to GACh3.0. The 

fluorescence of individual library cells and GACh3.0 cells are shown as black points 

or red points, respectively. The mean fluorescence of all library cells and GACh3.0 

cells are represented by the dashed black and red lines, respectively. Bottom, right: 

Baseline fluorescence (left) and high-ACh fluorescence (right) of sample cells 

expressing a functional (top) or non-functional (bottom) mutant of GACh. The 

fluorescence images are outlined in the same colors (dark blue, cyan) as the 

corresponding points in middle panels. Scale bars are 5 µm. 

To perform parallelized functional characterization of each variant, we scanned 

the well to record each cell’s baseline fluorescence and response to 100 µM of 

acetylcholine (Figure 36). Because most variants were non-functional or had very dim 
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fluorescence, we fixed the cells and labeled them with a green fluorescent cytoplasmic 

membrane dye. We acquired images of the fluorescent-dyed membranes of all cells, 

which served as inputs to the CNN that generated masks for each cell. We used these 

masks to calculate the fluorescence under each acetylcholine condition for each cell. 

After functional characterization, we permeabilized the cells and generated 

rolling circle amplicons, or “rolonies,” for each pair of mutated amino acids as 

previously described (Chapter 4.2.4). We sequenced 6 cycles to span the 2 mutated amino 

acids on cpEGFP, terminated the read, and then sequenced 9 cycles to span the mutated 

amino acids on the cpEGFP-M3R linker. We registered and pre-processed all sequencing 

images and used a U-Net to perform multiclass segmentation to determine the 

nucleotide identity in each cell for each cycle. Because rolony intensity decreased as the 

read length increased, we manually confirmed base calls for later cycles in cells with at 

least 9 base calls out of 12 mutated bases. In total, we fully sequenced 4,050 cells. Most of 

the sequenced mutants were nearly non-functional or did not properly traffic to the cell 

membrane. However, a modest proportion of mutants were partially functional, with 

some variants approaching or matching the performance of the parent gene (Figure 36). 

4.3.3 We used thousands of characterized variants to perform 
machine learning-guided directed evolution and identify favorable 
mutations 

We used the sequence-to-function relationship generated from the first screen to 

train a CNN to predict the fitness of untested variants. We first refined our experimental 
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dataset to retain samples with robust functional measurements. We excluded cells from 

further analysis if they had extremely high ΔF/F0 and baseline fluorescence below the 

background noise level (45 cells), extremely high ΔF/F0 resulting from poor mask 

registration (63 cells), or a stop codon (151 cells). We then normalized the fitness of each 

cell under low and high acetylcholine conditions to GACh3.0’s high-acetylcholine fitness 

and trained two networks to predict the fitness of each variant in both the ligand-free 

(low ACh) and ligand-bound (high ACh) conditions. 

 

Figure 37: The networks predicted the variants’ fitness for low- and high-ACh 

conditions relatively accurately. We trained two networks on either the library’s 

fluorescence without ACh (left) or with 100 µM of ACh (right) in the extracellular 

solution and evaluated their accuracy using 9-fold cross-validation. The 

experimental vs. predicted fitness of all variants are represented by the blue points. 

The dashed gray line represents the identity, or ideal prediction. Each network 

predicts the fitness of the validation set relatively accurately but underestimates the 

fitness of variants with fitness > 0.3. 
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We used 9-fold cross-validation to evaluate the models’ accuracies. Both models’ 

predictions correlated with experimental results (Pearson correlation, ρ = 0.23 ± 0.07 and 

0.19 ± 0.07 for low- and high-ACh predictions, respectively) but underpredicted the 

performance of high-fitness variants (Figure 37). We next used the trained models to 

predict the function of all 160,000 variants in our mutation space (Figure 38).  

 

Figure 38: The trained CNN predicted the fitness of all 160,000 possible 

combinations of mutations for low and high acetylcholine conditions. Left: The 

predicted fitness of all variants in high ACh vs. low ACh normalized to the predicted 

fitness of GACh3.0 in high ACh. We selected variants with relative fitness ≥ 0.25 in 

high ACh, a positive ΔF/F0 compared to predicted fitness in low ACh, and ΔF/F0 ≥ 50% 

for variants with predicted fitness ≥ 0.25 in low ACh. The described selection gate is 

outlined in black, and selected variants are in red. The dashed gray line represents 

equal predicted fitness in low and high ACh. Right: The amino acid distribution of 

selected variants. Amino acids included in the second-round GACh library are 

outlined in red. The amino acids in GACh3.0 (S347, K348, Y530, and H532) occur with 

at least 20% frequency at their respective positions in the selected variants. 
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We selected approximately 1,000 variants with higher predicted fitness in the 

high acetylcholine condition than the low acetylcholine condition, signifying 

functionality. Among the top variants, several amino acids were moderately conserved, 

and most functional variants had at least one of the parent gene’s amino acid identities. 

We further validated the predictive power of our model by synthesizing and 

screening a second GACh library with mixed base codons, prioritizing amino acids that 

appeared in at least 5% of the selected variants (Appendix). We electroporated HEK293T 

cells with the second library, imaged each cell’s baseline fluorescence and responses to 

1 µM and 100 µM of acetylcholine, and recovered the sequences of the mutated residues. 

The model predicted the fitness of these partially functional, previously untested 

variants relatively accurately. The experimentally determined fitness of variants in the 

second library was moderately correlated with the models’ predictions of both low- and 

high-acetylcholine fitness (Pearson correlation, ρ = 0.39 and 0.40 for low- and high-ACh 

conditions, respectively; Figure 39). The average normalized fitness of GACh variants in 

the targeted library was 0.13 ± 0.11 in the low-ACh condition and 0.17 ± 0.17 in the 

high-ACh condition (n = 828 variants, mean ± s.d). This represents a significant, 115% or 

140% improvement of the population’s average fitness (p < 1 × 10-89 for low-ACh fitness; 

p < 1 × 10-109 for high-ACh fitness, Wilcoxon rank-sum test) compared to the randomized 

library, whose fitness was 0.06 ± 0.06 and 0.07 ± 0.08 under low and high acetylcholine 

concentrations, respectively (n = 3,474 variants, mean ± s.d.). 
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Figure 39: The targeted GACh library’s experimentally determined fitness 

validated the models’ predictions. Top left: Variants in the second GACh library were 

more than twice as bright as variants in the first library on average. The median 

response of each variant and individual responses of GACh3.0 cells to each 

acetylcholine concentration are shown as black points or red points, respectively. The 

mean fluorescence of all library cells and GACh3.0 cells are represented by the 

dashed black and red lines, respectively. Several variants’ median responses to 

acetylcholine (black points) were slightly higher than GACh3.0’s average response 

(dashed red line). Top right: Baseline fluorescence (left) and high-ACh fluorescence 

(right) of sample cells expressing a high-performing (top) or medium-performing 

(bottom) mutant of GACh. The fluorescence images are outlined in the same colors 

(dark blue, cyan) as the variants’ corresponding median responses in the left panels. 

Scale bars are 5 µm. Bottom: The experimental fitness of variants in the second 

library was moderately correlated with the fitness predicted by our model for both 

low-ACh (left, ρ = 0.39) and high-ACh (right, ρ = 0.40) conditions. The dashed gray 

lines represent the identity, or ideal prediction. 
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Finally, we pooled the data from the first-round and second-round screens and 

re-trained the model to predict the fitness of all unseen variants using the median fitness 

of each variant as the input training data. From the re-trained model’s prediction, we 

selected the variants which had predicted fitness ≥ 75% of the wild-type’s predicted 

fitness under 100 µM of acetylcholine and predicted ΔF/F0 ≥ 50% between the baseline 

and high-ACh condition. We synthesized these selected variants and characterized them 

by measuring their change in fluorescence in response to increasing concentrations of 

acetylcholine ranging from 100 nM to 100 µM (Figure 40). 

Out of 23 screened variants with high predicted performance, nine had 

acetylcholine sensitivity and brightness that approached or exceeded that of GACh3.0. 

Four variants with S347T and Y530F mutations had significantly higher brightness 

(p < 1 × 10-5 for GAChS347T, Wilcoxon rank-sum test, n ≥ 24 cells per variant) or higher 

maximum ΔF/F0 responses compared to GACh3.0 (p < 0.05 for both GAChY530F and 

GAChS347T/Y530F, Wilcoxon rank-sum test, n ≥ 24 cells per variant). This increased 

sensitivity and comparable brightness led to 20-60% increases in SNR of each variant’s 

response compared to GACh3.0 (p = 0.02 for GAChY530F; p < 1 × 10-3 for both GAChS347T 

and GACH347T/Y530F, Wilcoxon rank-sum test, n ≥ 24 cells per variant). GAChS347T/K348Q/Y530F 

also had ~40% higher SNR than GACh3.0 due to moderately higher sensitivity and 

brightness (p = 0.01, Wilcoxon rank-sum test, n ≥ 24 cells per variant).  
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Figure 40: A model trained on pooled data from the first- and second-round 

screens accurately predicted functional GACh variants. Left: We re-trained our model 

to predict the function of all possible GACh variants using the pooled results of 

screens of the first- and second-round libraries. From these predictions, we selected 23 

variants with high predicted fitness and ΔF/F0 to fully characterize. The selected 

variants are outlined in black, and their experimental fitness is in the inset. The 

dashed gray lines represent equivalent fitness in low and high concentrations of ACh. 

Top right: A sensitive and bright variant, GAChS347T/Y530F, exhibited high ΔF/F0 in 

response to increasing concentrations of ACh. Scale bars are 5 µm. Bottom left: We 

measured the sensitivity of each selected variant from 100 nM to 100 µM of ACh. The 

three variants shown had higher brightness or maximum ΔF/F0 responses and 

produced significantly higher SNR than GACh3.0 (GAChY530F: p = 0.02; GAChS347T: 

p < 1 × 10-8; GAChS347T/Y530F: p < 1 × 10-3; Wilcoxon rank-sum test, n ≥ 24 cells per variant). 

Dashed lines represent sigmoidal fits to each variant’s average ΔF/F0 in response to 

each concentration of ACh. Bottom right: The top variants were sensitive and bright, 

resulting in increases in SNR of 21% for GAChY530F, 57% for GAChS347T, and 42% for 

GAChS347T/Y530F and GAChS347T/K348Q/Y530F. Several other variants were comparable to 

GACh3.0 (p > 0.05 for comparisons of SNR between GACh3.0 and GAChH532N, 

GAChK348Q/Y530F, GAChS347T/K348A, GAChS347T/K348A/Y530F, and GAChS347T/K348A/H532M; Wilcoxon 

rank-sum test, n ≥ 24 cells per variant). Most variants with an S347C or H532 

substitution were significantly less responsive than GACh3.0 (p < 0.05 for remaining 

variants; Wilcoxon rank-sum test, n ≥ 24 cells per variant). Circles are single mutants; 

triangles are double mutants; squares are triple mutants. Dashed gray lines represent 

isocontours of SNR = 20, 40, 60, 80, and 100. Error bars represent mean ± s.e.m.  
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The beneficial S347T/Y530F substitutions are somewhat intuitive to predict. 

Serine and threonine have similar molar mass, and both have polar, uncharged side 

chains, while tyrosine and phenylalanine are both large, aromatic amino acids with 

hydrophobic side chains. In contrast, the beneficial K348Q substitution was less intuitive 

to predict because it introduced changes to the residue’s size, charge, and polarity. The 

prevalence of these unpredictable mutations in the set of top variants highlights the 

utility of using machine learning to identify these beneficial substitutions rather than 

rational design alone. Several other variants had comparable sensitivity and brightness 

to GACh3.0, signifying the moderate accuracy of our model (p > 0.05 for SNR 

comparisons between GACh3.0 and GAChH532N, GAChK348Q/Y530F, GAChS347T/K348A, 

GAChS347T/K348A/Y530F, and GAChS347T/K348A/H532M; Wilcoxon rank-sum test, n ≥ 24 cells per 

variant). The remaining 14 variants significantly underperformed GACh3.0’s SNR: most 

variants with an S347C or H532 substitution were poorly expressed and had weak 

responses to acetylcholine (p < 0.05 for all remaining GACh variants; Wilcoxon rank-sum 

test, n ≥ 24 cells per variant).  

4.4 Discussion 

We developed a screening strategy for genetically encoded sensors that will 

enable researchers to functionally assess and sequence thousands of variants per round 

of evolution in a single well. Our pipeline greatly increased the scale of sequence-

function data when screening sensors with dynamic properties. We achieved this scale 
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by parallelizing the sequencing process with modern, optical mRNA sequencing 

technology with cellular resolution. The large scale of our experimental pipeline and 

resulting sequence-function data supported an even larger scale computational 

assessment. The data resulting from the first-round screen effectively trained a neural 

network that computationally predicted the fitness of an order of magnitude more 

unseen variants of the sensor in the same sequence space with moderate accuracy.  

Our pipeline of pooled optical screening and computational prediction overcame 

multiple bottlenecks associated with scale in traditional directed evolution of genetically 

encoded sensors. Altogether, our platform pushes forward the frontiers of protein 

engineering by providing more detailed information about dynamic proteins than 

previous screening strategies. Our parallelized, large-scale strategy to collect sequence 

and function information in the same well bypassed the need to individually assess the 

performance of variants separately and then winnow the population for sequencing. 

Our single-cell resolution sequence-function data also provided higher genetic 

resolution than pooled NGS, a process that disconnects individual sets of mutations 

from a variant’s performance. Our sequence-function dataset with superior 

experimental scale and resolution directly trained a computational protein fitness 

prediction algorithm. Such a computational pipeline bypassed the need to draw training 

data from external sequence or function data from similar families of proteins, which 

may not exist for non-natural protein sensors or sensor domains.  
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This platform could likely be adapted to develop a wide range of proteins with 

slight adjustments to the functional screen. For example, engineering the linkers 

between functional domains of calcium sensors or other neurotransmitter sensors would 

only require a change to the buffer compositions during functional screening. The 

performance of other fusion protein-based genetically encoded sensors such as cpEGFP-

based [16, 26, 108] or FRET-based voltage sensors [23, 49, 50, 126, 143, 155, 191] also 

hinges on linker length and composition between the sensing and optical reporter 

domains. Engineering the linkers of this class of sensor would require delivering a 

uniform electrical stimulus to all cells using integrated electrodes [14, 50] or electrically 

excitable cells [104]. However, the in situ sequencing strategy would not require 

modification and is directly applicable to sequence any target whose critical residues are 

in close proximity on the gene. 

Our pipeline is the first to combine mRNA sequencing with directed evolution 

and could undergo further conceptual and technical improvements. Conceptual 

improvements to the library construction and delivery could increase the accuracy of 

functional assessment in our pooled screens, which would in turn improve the accuracy 

of machine learning-guided predictions on unseen protein variants. The accuracy of 

functional assessments in our pipeline was limited by library sequence distribution. We 

encountered most sequenced protein variants only once because the number of screened 

cells was over an order of magnitude fewer than the number of variants in the 4 amino 
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acid sequence space. Low coverage per variant makes analysis of each variant’s response 

susceptible to outliers. Delivery of bottlenecked libraries or lentiviral libraries would 

increase coverage to multiple cells per mutant. These multiple cells expressing the same 

variant could support repeated measurements that increase accuracy. However, 

repetition of measurements trades off with library diversity and could limit analysis of 

combinatorial effects between mutations at critical residues.  

The accuracy in our pipeline was also limited by the lack of intensity references 

that could compensate for cell-to-cell variations in expression level. Directly tagging the 

protein of interest with a spectrally orthogonal fluorescent protein would enable 

normalization of expression through fluorescence references. Such fluorescent protein 

tagging exists but is only compatible with protein tools with accessible termini [46, 51, 

171, 192-194]. Finally, recently developed genetic expression systems could streamline 

library delivery and facilitate stable expression of one plasmid per cell. These inducible 

expression systems employed recombinase-mediated cassette exchange at landing sites 

integrated into the genome of mammalian cells and achieved irreversible genomic 

integration of library candidates with up to 40-75% efficiency [195-198]. 

Technical improvements to the in situ sequencing chemistry and optical 

instrumentation would also likely increase the total number and fraction of cells with all 

cycles reliably sequenced. Automating the in situ sequencing hybridizations and washes 

with robotics and fluidics could more closely approach Illumina’s commercial 
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sequencing platforms’ capabilities [199]. This would facilitate faster sequencing and a 

higher signal-to-background ratio for longer sequencing reads. Modifying the optics 

could increase the field of view and enable more complete coverage of each well. In this 

work, rolonies were typically 4-5 pixels wide, cells were an order of magnitude larger, 

and their membranes were approximately 5 pixels wide. Reducing the magnification by 

a factor of 2 would correspondingly double the number of cells covered by each screen 

while maintaining cellular resolution. However, reducing the imaging resolution would 

make our automated data analysis pipeline more sensitive to slight misalignments 

during image registration. To avoid this issue, library cells could be co-cultured with 

blank cells to create separation between cells of interest and simplify segmentation [104]. 

Alternative machine learning approaches could also improve our pipeline. 

Within the realm of supervised deep learning techniques, existing in silico protein 

engineering approaches combined groups of regression [162, 164, 166, 169, 200], decision 

trees [28, 169], and neural network models [159, 160, 168, 200, 201]. Selecting the optimal 

model or median model from such groups of methods have improved performance or 

robustness, respectively. Alternatively, researchers could inform the design of the initial 

library by leveraging unsupervised, zero-shot prediction strategies. Zero-shot 

predictions bypass experimental sequence-function data and instead use external 

information to computationally predict the fitness of unseen variants. Zero-shot 

predictions such as energy calculations or predictions of evolutionary fitness based on 
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MSAs have previously enabled accurate predictions of protein fitness for fluorescent 

proteins [167, 170], binding proteins [160, 162, 169], antibodies [202], and enzymes [162, 

203-205].  For example, the free energy (ΔΔG) calculation computes the impact of 

mutations on experimentally determined or computationally predicted protein 

structures [206-208]. Lower ΔΔG implies higher thermodynamic stability, which 

translates to higher fitness. Generating a targeted library focused on variants with a 

high, negative ΔΔG and training a machine learning model on several hundred variants 

with moderate fitness, a previous study identified the globally optimal variant of the 

protein GB1 with nearly perfect consistency [160]. 

 

Figure 41: ΔΔG rank was a poor predictor of GACh mutant fitness. We 

calculated the ΔΔG of each possible combination of mutations at G292, Y530, H531, 

and N532 (top left). At all positions but H531, several amino acids were frequently 

conserved among the top 1000 ranked variants (bottom left). However, highly ranked 

variants typically had poor expression (top right) and low fitness (bottom right), 

which were not correlated with ΔΔG rank. Error bars represent mean ± s.d. 

Scale bars are 50 µm. 
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However, ΔΔG calculations rely on the assumption that protein function is tied 

to thermodynamic stability and may not accurately capture the mechanism of 

genetically encoded sensors, which are typically fusion proteins that rely on a dynamic 

interaction between the domains. We calculated the ΔΔG for all possible mutations of 

4 of GACh3.0’s linker amino acids (G292, Y530, N531, H532) using both ligand-bound 

and ligand-free structural predictions of GACh3.0 and found that several amino acids 

were highly conserved at residues 292, 530, and 532 among the top 1000 ranked variants. 

We individually screened several dozen of the highly ranked variants but found that 

ΔΔG was a poor predictor of protein fitness (n ≥ 8 cells per variant, Figure 41).  

Additionally, genetically encoded sensors usually do not have many 

homologous proteins from which evolutionarily beneficial sequences can be identified. 

These limitations highlight the need to functionally assess a large, diverse library to 

produce an effective starting point for traditional or machine learning-guided 

evolutionary strategies. Our screening pipeline represents a straightforward and 

adaptable way to develop and experimentally characterize such a library with sufficient 

coverage of the total sequence space to accurately identify favorable mutations after a 

single round of screening. 

  



 

134 

5. Conclusion 

In this work, we developed an array of genetically encoded tools and methods 

that contribute to the fields of protein engineering and neuroscience. Specifically, we 

developed a genetically encoded fluorescent voltage indicator that expanded the 

spectral diversity of this class of tools; we engineered the activation spectrum of a 

genetically encoded optogenetic actuator by taking advantage of a mechanism not 

previously employed in rhodopsin development; and we developed a novel method to 

screen libraries of genetically encoded sensors with random mutations that enabled 

functional characterization and sequencing of a high number of variants in a 

streamlined way. This powerful screening platform enabled accurate predictions of 

high-performing protein variants, and modifications to this strategy could enable 

improved engineering of a wide range of protein tools in future studies.  

Though we validated the feasibility of the screening pipeline on a genetically 

encoded acetylcholine sensor, this strategy is likely highly translatable. Applying the 

same strategy to engineer genetically encoded sensors of calcium or other 

neurotransmitters would be straightforward, requiring only a modification of the 

buffers exchanged during the optical screen. However, this strategy could also be 

applied to other classes of sensors that require characterization of dynamic properties in 

live cells with slight modifications. For example, we could perform a pooled screen of a 

GEVI library by utilizing electrically excitable cells [209] and developing a method to 
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provide a uniform, time-locked electrical stimulus to the entire well. A recent study 

demonstrated that electroporation provides an electrical stimulus that elicits comparable 

fluorescence responses in GEVIs as patch clamp electrophysiology and enables 

screening of hundreds of mutants per day [26]. Alternatively, researchers could use all-

optical electrophysiology and express the GEVI library in a bicistronic construct with a 

spectrally orthogonal rhodopsin. This would enable widefield optogenetic excitation, 

which would depolarize cells’ membrane voltage and drive a change in fluorescence in 

the co-expressed GEVI. Similar strategies have recently been used to develop enhanced 

far-red voltage indicators [103, 104]. However, variability in the cell-to-cell expression 

level of the rhodopsin could introduce noise into each recording which would likely 

necessitate screening a relatively high number of cells per variant to accurately quantify 

each mutant’s fitness compared to our approach. Channelrhodopsins could potentially 

be screened using a similar all-optical electrophysiology strategy, but key metrics of 

channelrhodopsin performance would be difficult to accurately measure with this 

paradigm. A mismatch between the kinetics of a channelrhodopsin mutant and co-

expressed voltage sensor could complicate accurate measurements of rhodopsin 

kinetics, and the relatively low SNR of voltage sensors could obscure differences 

between the peak and steady-state photocurrents of various rhodopsin mutants.  

The main benefit of our novel screening strategy is that it enables linking the 

genotype to phenotype of sensors with dynamic properties that need to be screened in 
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live cells. However, using the same strategy to engineer proteins that can be screened in 

fixed cells, such as fluorescent proteins, could enable dramatic increases in scalability. In 

our work, the imaging time is the major limiting factor that determines how many cells 

can be screened per round. Because HEK293T cells’ health begins to decline in room 

temperature Tyrode’s solution after approximately 30-40 minutes, we aimed to limit the 

functional screen to this timeframe. However, if cells could be fixed before imaging, the 

screening pipeline could easily be scaled to entire wells of 96-, 24-, or even 6-well plates, 

enabling coverage of up to a million cells per screen. Though scaling the functional 

imaging time will proportionally increase the time required to image each sequencing 

cycle, this would likely not pose a major issue since previous studies have demonstrated 

that crosslinked RCA amplicons are stable for weeks at a time [111, 172]. 

Another interesting application of the screening platform, particularly with 

respect to engineering peptide linkers of genetically encoded sensors, would be 

applying it to simultaneously optimize linkers’ amino acid composition and length. As 

we demonstrated through the development of Ace-mScarlet and ChroME-mTFP, 

engineering peptide linkers based on length – even with minimal consideration for 

composition – can produce significant fluctuations in the sensor’s or rhodopsin’s 

performance. However, this application would require individually synthesizing and 

subsequently pooling multiple libraries with different linker lengths, and the library size 

would quickly escalate beyond a manageable scale for engineering peptide linkers 
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longer than four amino acids. Additionally, even if a single padlock were designed to 

target all libraries across all potential linker lengths, it would necessitate multiple 

uninformative reads of each short-linker target for the read length to fully cover longer 

linkers. 

Therefore, a beneficial modification to the screening platform we described 

would be designing a way to decouple mutations to the target protein from the 

sequencing target. Our platform relied on identifying and directly sequencing critical 

mutations, which depends on two key properties. First, the number of critical residues 

that we seek to simultaneously mutate must be relatively low (≤4) to guarantee adequate 

partial coverage of the library. Second and more importantly, these critical mutations 

must be adjacent to each other in the gene. Though these criteria are often fulfilled when 

engineering genetically encoded sensors’ peptide linkers, they are not generalizable 

across many classes of proteins. Residues which interact with each other to influence 

protein function are typically in close proximity to a specific region of the folded protein 

in three-dimensional space – such as a binding pocket or a fluorescent protein’s 

chromophore – but may be too distal from each other on the gene to be captured by a 

small number of padlock probes. Therefore, instead of directly sequencing mutations, 

further studies should aim to design a library that contains important mutations spread 

throughout the gene and a unique barcode for each mutant. After synthesizing the 

library, commercial next generation sequencing of the library could link the mutations of 
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each variant to its barcode. Adapter sequences to which a single padlock probe could 

hybridize would flank the barcode, and the barcode could be sequenced using the same 

gap-filling strategy that we described. Even barcodes as short as 10 nucleotides long 

would more than adequately cover the library size screened in this work. Longer 

barcodes could enable screening larger, more diverse libraries but would increase the 

imaging and sequencing burden of each experiment. 
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Appendix – primers and oligos for GACh library 
synthesis and screening 

Table 3: Gibson assembly primers for construction of the GACh3.0 library 

template plasmid 

pCAG -SbfI-GRAB 

R 

CATTTTGGCAAAGAATTC CCTGCAGG 

GCCACCATGGAGACAGACAC 

TS-ER-GACh R CTGGTGATCCTGCTCTT CAAGGCCTGCTCGGGTG 

TS-ER F AAGAGCAGGATCACCAGC 

P2A -NheI-TS-ER R 
CTTTAACAGAGAGAAGTTCGTGGCAGAACC GCTAGC 

AGATCCCACCTCGTTCTCGTAGC 

P2A-BFP F 

GCCACGAACTTCTCTCTGTTAAAGCAAGCAGGAGACGTG

GAAGAAAACCCCGGTCCT 

GTGTCTAAGGGCGAAGAGCTGATTAAG 

pCAG -XhoI-cMyc5 

R 

CTTGATACTTACCTGCGGCCAGGG CTCGAG 

TTAATCCAATTTGACTCGCTTTGCTG 

 

Table 4: Mutagenic primers for the GACh library with randomized codons at 

S347, K348, Y530, and H532 

GACh347/348-

NNK_mut R 

CTTCTCGTTGGGGTCTTTCGAAAG MNNMNN 

CTGCACGCTCAGGTAGTG 

GACh_530/532-

NNK_mut F 

CTGGGGCACAAGCTGGAG NNKAACNNK 

AATGCCAAGACCCTCAGTG 
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Table 5: Mutagenic primers for the GACh library with targeted mutations at 

S437, K348, Y530, and H532 

GACh347/348-(KQ) 

targeted_mut R 

CTTCTCGTTGGGGTCTTTCGAAAG YTKGBD 

CTGCACGCTCAGGTAGTG 

GACh347/348-(IL) 

targeted_mut R 

CTTCTCGTTGGGGTCTTTCGAAAG TAWGBD 

CTGCACGCTCAGGTAGTG 

GACh347/348-(VA) 

targeted_mut R 

CTTCTCGTTGGGGTCTTTCGAAAG NRCGBD 

CTGCACGCTCAGGTAGTG 

GACh347/348-(HN) 

targeted_mut R 

CTTCTCGTTGGGGTCTTTCGAAAG RTKGBD 

CTGCACGCTCAGGTAGTG 

GACh530/532-

targeted_mut F 

CTGGGGCACAAGCTGGAG KWCAACMAM 

AATGCCAAGACCCTCAGTG 

 

Table 6: Reverse transcription primers for GACh library mRNA 

GACh-RT 1 /5AmMC12/G+TG+AT+GA+TG+AA+GGCAAGCAAG 

GACh-RT 2 /5AmMC12/G+TG+TT+CA+CC+AG+AACCATGATG 

GACh-RT 3 /5AmMC12/C+AT+AG+CA+CA+CGGGGTTCAC 

 

For all padlocks, we calculated the ratio of rolony intensity to BFP intensity using 

the average fluorescence in the BFP channel or appropriate sequencing channel using 

masks generated from GACh3.0 fluorescence. We excluded the bottom 10% and top 10% 

of ratios from the summary calculations (n ≥ 75 cells per padlock, mean ± s.d.). We 

calculated detection efficiency as the fraction of BFP+ cells in which we detected 

multiple rolonies (n = 5 fields of view per padlock, mean ± s.d.). Tables 7 and 8 below are 

related to Figure 35 (Chapter 4.3.1). 
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Table 7: Padlock sequences and rolony detection efficiencies for the cpEGFP 

(S347, K348) target. For screening the libraries, we used padlock 6-cpEGFP-81nt.  

Padlock Sequence 

Rolony 

intensity 

/ BFP 

intensity 

Detection 

efficiency 

(%) 

padlock 1-

cpEGFP-

79nt 

/5Phos/ACCCCAACGAGAAG 

TCCTGTTCGTTACCCATACACATTCTC 

TCACCTCACCCAACCAACACTCTAT 

CCTGAGCGTGCAG 

0.46 

± 

0.07 

84.8 

± 

4.9 

padlock 2-

cpEGFP-

76nt 

/5Phos/ACCCCAACGAGAAG 

TCCTGTTCGACACCTACCCACCTCATC 

CCACTCTTCATACCTATCCAT 

CCTGAGCGTGCAG 

0.51 

± 

0.07 

79.1 

± 

1.6 

padlock 3-

cpEGFP-

81nt 

/5Phos/ACCCCAACGAGAAG 

TCCTGTTCGCACTATTCTTCCCACCTC 

AACCACACAATCCCTCCCACATTCTAT 

CCTGAGCGTGCAG 

0.45 

± 

0.07 

83.2 

± 

1.5 

padlock 4-

cpEGFP-

89nt 

/5Phos/ACCCCAACGAGAAG 

TCCTGTTCGCCTATCCCTTCCCTATCCTCTC 

TCATACATCCAACTCACATCACACTATCTAT 

CCTGAGCGTGCAG 

0.42 

± 

0.06 

85.7 

± 

6.4 

padlock 5-

cpEGFP-

67nt 

/5Phos/ACCCCAACGAGAAG 

TCCTGTTCGACACCTACCCACCTCATC 

CCACTCTTCATAT CCTGAGCGTGCAG 

0.34 

± 

0.05 

88.4 

± 

2.5 

padlock 6-

cpEGFP-

81nt 

/5Phos/ACCCCAACGAGAAG 

TCCTGTTCGAAACTCCATTCCCACACC 

ATACATCTCATCCCACCATACCGATAT 

CCTGAGCGTGCAG 

1.04 

± 

0.13 

92.9 

± 

2.2 
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Table 8: Padlock sequences and rolony detection efficiencies for the 

cpEGFP-ICL3 (Y530, H532) target. For screening the libraries, we used 

padlock 4-GACh-C-87nt. 

Padlock Sequence 

Rolony 

intensity 

/ BFP 

intensity 

Detection 

efficiency 

(%) 

padlock 1-

GACh-C-

77nt 

/5Phos/AAGACCCTCAGTGC 

TCCTGTTCGTTACCCATACACATTCTC 

TCACCTCACCCAACCAACACTC 

GGCACAAGCTGGAG 

1.08 

± 

0.06 

89.0 

± 

3.0 

padlock 2-

GACh-C-

75nt 

/5Phos/AAGACCCTCAGTGC 

TCCTGTTCGACACCTACCCACCTCATCCCAC 

TCTTCATACCTATCCA GGCACAAGCTGGAG 

0.44 

± 

0.03 

81.8 

± 

2.8 

padlock 3-

GACh-C-

79nt 

/5Phos/AAGACCCTCAGTGC 

TCCTGTTCGCACTATTCTTCCCACCTCA 

ACCACACAATCCCTCCCACATTC 

GGCACAAGCTGGAG 

0.61 

± 

0.04 

90.2 

± 

1.5 

padlock 4-

GACh-C-

87nt 

/5Phos/AAGACCCTCAGTGC 

TCCTGTTCGCCTATCCCTTCCCTATCCTC 

TCTCATACATCCAACTCACATCACACTATC 

GGCACAAGCTGGAG 

1.47 

± 

0.12 

90.4 

± 

3.2 

padlock 5-

GACh-C-

65nt 

/5Phos/AAGACCCTCAGTGC TCCTGTTCGA 

CACCTACCCACCTCATCCCACTCTTCA 

GGCACAAGCTGGAG 

0.27 

± 

0.02 

73.7 

± 

2.7 

padlock 6-

GACh-C-

79nt 

/5Phos/AAGACCCTCAGTGC 

TCCTGTTCGAAACTCCATTCCCACACCAT 

ACATCTCATCCCACCATACCGA 

GGCACAAGCTGGAG 

0.52 

± 

0.04 

85.2 

± 

3.7 
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Table 9: RCA primers for the cpEGFP (S347, K348) and cpEGFP-ICL3 linker 

(Y530, H532) padlocks. For screening the libraries, we used padlock 6-RCA for the 

cpEGFP target and padlock 4-RCA for the cpEGFP-ICL3 linker target. 

padlock 1-RCA GTGAGAGAATGTGTATGGGTAACGAAC 

padlock 2-RCA GTATGAAGAGTGGGATGAGGTGG 

padlock 3-RCA GATTGTGTGGTTGAGGTGGGAAG 

padlock 4-RCA GATGTATGAGAGAGGATAGGGAAG 

padlock 5-RCA GATGAGGTGGGTAGGTGTCGAAC 

padlock 6-RCA GTGTGGGAATGGAGTTTCGAAC 
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Table 10: Sequencing primers for rolonies generated from the cpEGFP (S347, 

K348) and cpEGFP-ICL3 linker (Y530, H532) padlocks. For screening the libraries, we 

used padlock 6-cpEGFP-seq for the cpEGFP target and padlock 4-GACh-C-seq for the 

cpEGFP-ICL3 linker target. 

padlock 1-cpEGFP-

seq 
CTCACCCAACCAACACTCTATCCTGAGCGTGCAG 

padlock 2-cpEGFP-

seq 
CCACTCTTCATACCTATCCATCCTGAGCGTGCAG 

padlock 3-cpEGFP-

seq 
CCACTCTTCATACCTATCCATCCTGAGCGTGCAG 

padlock 4-cpEGFP-

seq 
CCAACTCACATCACACTATCTATCCTGAGCGTGCAG 

padlock 5-cpEGFP-

seq 
CTCATCCCACTCTTCATATCCTGAGCGTGCAG 

padlock 6-cpEGFP-

seq 
CATCCCACCATACCGATATCCTGAGCGTGCAG 

padlock 1-GACh-

C-seq 
CCAACCAACACTCGGCACAAGCTGGAG 

padlock 2-GACh-

C-seq 
CACTCTTCATACCTATCCAGGCACAAGCTGGAG 

padlock 3-GACh-

C-seq 
CAATCCCTCCCACATTCGGCACAAGCTGGAG 

padlock 4-GACh-

C-seq 

CATACATCCAACTCACATCACACTATCGGCACAAG 

CTGGAG 

padlock 5-GACh-

C-seq 
CATCCCACTCTTCAGGCACAAGCTGGAG 

padlock 6-GACh-

C-seq 
CATCCCACTCTTCAGGCACAAGCTGGAG 
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