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Naturally occurring proteins provide a wealth of opportunities as tools in research, 

industry, and medicine. However, native proteins are rarely well suited for usage outside their 

biological setting. Therefore, the protein's functional ability and stability must be optimized 

through mutation of its amino acid sequence. This challenge is complicated by the vastness of 

each protein’s mutation space, where mutants containing desired biophysical characteristics are 

rare and become more difficult to find as more specifications are required. Traditional 

engineering techniques, such as point-mutation screening, compound this issue by being time- 

and resource-intensive. Here, we present an alternative approach that harnesses machine learning 

models to learn from sequence-to-function libraries and screen untested mutants 

computationally. To showcase this technique, we identified variants of the genetically encoded 

calcium sensor, GCaMP, that improved the fluorescent response by 5-fold (eGCaMP2+) and 

increased the decay speed by 3-fold (eGCaMP). To further demonstrate the capabilities of our 

machine learning platform, we utilized the same approach to engineer the functional capabilities 

of the red-shifted calcium indicator jRCaMP1b. Our study indicates that machine learning can 

efficiently learn from complex mutational datasets and harness their predictive power to guide 

the engineering of functional proteins. This methodology is poised to shift the protein 
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engineering landscape by providing alternative methods to rapidly engineer proteins for desired 

characteristics. 
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Chapter 1. Genetically Encoded Optogenetic Tools 

ABSTRACT 

This chapter explores the complexities surrounding pain, emotion, and perception in the 

mammalian central nervous system, highlighting the challenges researchers face in determining 

causal linkages between cellular activity and organismal behavior. Optogenetics, a technique 

pioneered by Karl Deisseroth, has been a groundbreaking innovation in addressing these 

challenges. Optogenetics enables the monitoring and regulation of neuronal activity using light-

responsive genetic tools, allowing researchers to obtain cellular resolution information while 

preserving the organism's autonomy. This chapter discusses the major subclasses of optogenetic 

tools, including actuators, such as channelrhodopsin, and sensors, such as GCaMP. It explores the 

composition of optogenetic actuators and their engineering strategies for optimizing light 

sensitivity, photocurrent magnitude, kinetics, and activation wavelengths. Similarly, it explores 

optogenetic sensors' composition and engineering approaches, highlighting the importance of 

ligand binding domains, peptide linkers, and fluorescent proteins in achieving reliable signals. The 

chapter concludes by discussing traditional and high-throughput engineering approaches and the 

potential of machine learning algorithms in advancing protein engineering for optogenetic tools. 
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1.1 INTRODUCTION 

The intricate mechanisms determining pain, emotion, and perception in the mammalian 

central nervous system are highly complex. Despite decades of research, a complete grasp of its 

activity's underlying mechanisms remains obscure. This complexity arises from the interplay of 

networks of neurons that communicate through electrical impulses known as action potentials and 

chemical messengers like neurotransmitters. Action potentials, characterized by rapid fluctuations 

in membrane voltage, propagate along neurons until they reach the axon terminal, triggering the 

release of neurotransmitters and other signaling molecules. These neurotransmitters serve as 

chemical messengers, facilitating communication between neurons. Depending on their 

composition and interaction, neurotransmitters can excite, inhibit, or modulate the signaling 

patterns of downstream cells. Researchers need tools that provide cellular-resolution information 

to establish causal relationships between neuronal activation and chemical release, while allowing 

animals to move and make decisions freely. 

Historically, deriving the relationship between cellular activity and behavior was limited 

by several factors. Applying electrodes could modulate cell activity; however, the electrodes 

indiscriminately stimulate surrounding cells, regardless of cell type. Neurotransmitters and 

chemical agents can be administered, but they affect large regions of the brain and are limited by 

diffusion. Although dyes like Fluo4 could visualize certain chemical fluctuations, their effects 

were temporary and lacked specificity for cell types. 

Optogenetics, pioneered by Karl Deisseroth, emerged as a groundbreaking technique that 

addresses crucial needs in behavioral studies. Optogenetics, or visible genetics, describes genetic 

tools that respond to light and allow researchers to monitor or even modulate neuronal activity. 

Optogenetic tools can be classified into two broad categories: actuators and sensors. Actuators 
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modulate cell activity, prompting neurons to fire in response to brief bursts of light (Figure 1.1A). 

In contrast, sensors are fluorescent tools whose brightness varies with the presence of specific 

neurotransmitters or chemicals, facilitating the correlation of chemical stimuli with behavior 

(Figure 1.1B). Both tools are genetically encoded, meaning the tool is administered through viral 

transfection or expressed in transgenic animal models. Using genetic promoters, DIO/Flex 

vectorization, and targeted viral application, the expression of the tool can be restricted to specific 

cell types within specific brain regions. Optogenetic tools have become indispensable in 

neuroscience research due to their ability to be expressed with cell type specificity, be triggered 

with high temporal accuracy, and allow the cellular environment to remain intact, preserving the 

organism’s autonomy1.  

The proteins that comprise optogenetics tools can be engineered to emphasize desired 

characteristics. For example, the opsins that comprise optogenetic actuators can be mutated to 

increase photocurrent amplitude2, kinetics3,4, and alter activation wavelength5. Sensors can be 

mutated to increase fluorescent output6,7, improve ligand sensitivity8, and alter the fluorescent 

reporter to alternative color channels9,10. Engineering of critical tool features is time and resource-

intensive, and the engineering cycles currently do not meet the demand for required tools. 

Alternative approaches that accelerate the engineering of these protein-based tools are necessary 

to meet the needs of behavioral studies. 

  



 

 

16 

University of Washington - Encrypt and Set Custom Permissions applied 

 
Figure 1.1 Optogenetic Actuators and Sensors 
A. Optogenetic actuators are based on fluorescently activated opsins, which are light-sensitive G-

protein Coupled Receptor Proteins. In the presence of blue light, the channelrhodopsin C1C2 
(PDB: 3UG9), depicted here, will open to allow cations to flow into the cell. This will 
selectively generate an action potential in the targeted cell under a blue light stimulus.  

B. Optogenetic sensors are chimeric proteins that link native sensing domains to fluorescent 
reporters. These sensors can be expressed in either the cytoplasm or cell membrane. When the 
native sensing domain interacts with the ligand of interest, conformational changes in the 
sensing domain will transfer to the fluorescent reporter. These fluorescence fluctuations can be 
recorded using light microscopy and interpreted to understand cellular activation and 
neurochemical flux. In the example displayed, GCaMP senses intracellular calcium and, upon 
calcium binding, produces changes in fluorescent output (PDB: 3WLD). 
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1.2 DESIGN CONSIDERATIONS AND MECHANISMS OF ACTION OF OPTOGENETIC 

TOOLS 

1.2.1 Optogenetic Actuators: Actuator Composition 

In 1982, the bovine rhodopsin was the first opsin to be sequenced, with thousands more 

being described in the time since11,12. Opsins are photoreceptive proteins found in visual systems 

that, upon light absorption, induce signaling cascades and the opening of ion channels within the 

receptive cell13. Significantly, vertebrate opsins influence ion channels through secondary 

pathways upon stimulation, where microbial opsins were found to act as unitary light-activated 

ion pumps or channels14,15. In 2005, researchers found that the microbial opsin Channelrhodopsin-

2 (ChR2) could be stably expressed in neurons and, upon light administration, could produce 

action potentials in the host cell16. This discovery enabled the precise timing of excitatory events 

in freely moving animals17. Since this discovery, opsins that produce inhibitory events were also 

developed by expressing halorhodopsin, a light-activated chloride channel, or bacteriorhodopsins, 

light-activated proton pumps17–19.  

1.2.2 Optogenetic Actuators: Engineering Approaches 

 Opsins are membrane proteins that contain seven transmembrane helices. Upon binding of 

retinal, opsins become rhodopsin, indicating that they are functional and photon-sensitive proteins. 

Retinal covalently interacts with a lysine on the seventh transmembrane helix to form a retinal 

Schiff base (RSB).  Photon absorption causes isomerization of the retinal and acts as the trigger 

for rhodopsin activity20. The residues that interact with the RSB serve as common targets for color 

and kinetics tuning within rhodopsin engineering.  

 Within actuator engineering, several fundamental biophysical properties are targeted for 

optimization, including increased light sensitivity, larger photocurrent magnitude, altered kinetics, 
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and shifted activation wavelengths. Previous work has shown that mutations to positions within 

helices 3 and 4 that interact with the RSB yield significant improvements in the light sensitivity of 

the variants as well as enhancements to peak photocurrent. However, the mutations that improve 

sensitivity and photocurrent often alter the off-kinetics to the point of creating bi-stable on-states 

of the rhodopsin to brief pulses of applied light2,4,21. To alter the kinetics of rhodopsin, researchers 

have targeted residues in the retinal binding pocket that stabilize the protonated RSB. For example, 

the E123T mutation in ChR2 reduced hydrogen bonding between the opsin and retinal, leading to 

accelerated on- and off-kinetics3. Lastly, there has been significant interest in developing actuators 

that preferentially activate at different wavelengths, such that tools can be co-expressed but 

independently activated. Multiple tools have been engineered that shift rhodopsin activation 

towards green and red light stimulus, though currently,  activation within the 488nm color band 

remains, making tools hard to multiplex5,22,23.  

1.2.3 Optogenetic Sensors: Sensor Composition 

Fluorescent proteins lay at the heart of optogenetic sensors. The green fluorescent protein 

(GFP), derived from the Aequorea Victoria jellyfish, was the first cofactor-less fluorescent protein 

to be sequenced and stabilized to be used as a reporter molecule24–26. Since the discovery of GFP, 

much work has been done to generate fluorescent proteins (FPs) with shifted excitation and 

emission wavelengths to cover the visible light spectra25,27. 

 FPs have been broadly adopted as sensing modalities, where, in their basest form, a 

chimeric protein sensor can be formed by linking the FP gene and a gene of interest and expressing 

the composite gene in a host organism. By doing so, researchers can observe the production and 

localization of the protein of interest28. With the addition of new wavelengths of FP, researchers 

could observe how proteins interact with each other and their environment through fluorescence 
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resonance energy transfer (FRET). FRET describes the energy transfer between two spectrally 

overlapping FPs, where the emission of the first FP will excite the second FP when positioned 

within 10 nm distances29. Where FRET utilizes two FP channels to study protein conformational 

changes and protein-protein interactions, Baird et al. demonstrated that GFP could be circularly 

permuted, making GFP conformationally sensitive. Baird et. al. additionally showed that when 

fused to the calcium-sensitive protein Calmodulin (CaM), calcium binding could produce 

fluorescent changes within the circular permuted GFP (cpGFP)30. This discovery allowed 

researchers to observe the presence of biomolecules within cellular microenvironments and only 

required using a single fluorophore channel. Throughout all these techniques, the composition of 

the sensor remains consistent and includes native proteins fused to FPs using peptide linkers.  

1.2.4 Optogenetic Sensors: Engineering Approaches 

 When building single fluorophore genetically encoded fluorescent indicators (GEFIs), 

engineers must consider the tool's use case, as different tissues will require different ligand 

selectivity, specificity, kinetic, and fluorophore requirements. To engineer the sensor’s biophysical 

properties, mutations can be introduced to the sensing domain, the peptide linker composition, and 

the chosen fluorophore.  

 The ligand binding domain is the first and most crucial component of a GEFI. Most 

commonly, naturally occurring sensing domains are used for this application; however, some 

studies have used de novo protein design31. Multiple naturally occurring sensing proteins can be 

utilized, as in the case of GCaMP, where CaM and M13 are fused to cpGFP, or single protein 

binding domains with significant conformational changes can be harnessed, as in the case of G-

protein coupled receptor (GPCR) based optogenetic sensors7,32–35. The composition of the binding 

domain determines many of the biophysical characteristics inherent to a GEFI. For example, to 
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alter the kinetics and sensitivity of GCaMP proteins, typical targets for mutation were the EF-hand 

domains that directly interact with calcium and the interface between CaM and M136,7,33. GPCR-

based sensors have emerged as common binding domains for optogenetic sensors. This 

advancement is significant, as GPCRs have a conserved 7-transmembrane domain structure36. 

With the discovery that cpGFP inserted into the third intracellular loop could produce fluorescent 

changes upon ligand binding within the dopamine sensing GPCRs, many similar studies have been 

published in rapid succession that can use the same design schema on different ligand sensitive 

GPCRs34,35,37–39. These GPCR-based sensors provide a remarkable wealth of opportunity owing to 

the sheer number of GPCRs expressed within the mammalian nervous system and the selectivity 

of each for different ligands of interest. 

The linkers that fuse the FP to the native sensing domain are crucial for the function of the 

sensor as they translate conformational changes of the native sensing domain to the FP. As such, 

many studies have optimized the peptide linkers to significant effect on the overall dynamic range 

of the sensor7,33,35,40. Increasing evidence is also emerging that the native sensing domain plays a 

role in stabilizing the linkers as mutating residues that display structural proximity can 

dramatically alter the performance of the sensor35,37,41. Recent sensors have also demonstrated that 

increasing the length of the linkers can improve the affinity of the sensor for the targeted ligand42. 

Linker optimization is a crucial step in all sensor engineering, and optimization efforts should be 

performed on each new sensor produced.  

The most important consideration for FPs is the ability to obtain reliable signals. To that 

effect, two essential design aspects must be considered: large signal response and on-target 

activation. Placement of the FP will be the greatest determinant of signal response as 

conformational changes within the binding domain will determine the solvent accessibility and, 
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thus, fluorescent readout of the FP. As discussed, standard techniques place the FP between two 

sensing proteins or within the third intracellular loop of GPCR-based sensors. Common mutation 

sites within the FP typically lie on the circular permutation linkers and N and C terminus of the 

FP7,10,33,42,43.  The N and C terminus of the FP contributes to solvent accessibility and proper 

folding upon ligand stimulation. Many GEFIs currently use cpGFP. However, there is a need for 

improved sensors that utilize different FPs for tool multiplexing and the use of beneficial 

characteristics. For example, lower wavelength fluorophores such as red-shifted FPs exhibit 

decreased phototoxicity and allow for deeper recording within the tissue. Currently, many sensors 

that utilize different FPs have been made. However, they are far from as capable as their cpGFP-

based counterparts and require further optimization9,42. 

1.3 OPTOGENETIC TOOL ENGINEERING APPROACHES 

1.3.1 Traditional Engineering 

Isolating protein variants with valuable characteristics is complicated by the vastness of a 

GEFI’s mutational space44,45. Traditional engineering of GEFIs has relied on iterative saturation 

mutagenesis experiments46. In this method, a researcher will mutate a given residue position with 

all 20 amino acids. Variants with favorable responses compared to prior constructs are advanced 

for future mutations, constituting an evolution-based engineering. In addition to being a time and 

resource-intensive methodology, this method does not consider how mutations may collaborate or 

even conflict and limits the sampling of the mutation space to specific residue combinations. Even 

with structure-guided inference, traditional engineering techniques remain too time- and resource-

intensive to meet the growing demand for optogenetic tools. In the coming sections, I will discuss 

newer techniques that have improved the speed of discovery that are becoming available.  
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1.3.2 High Throughput Engineering Approaches 

Mutation library screening approaches, such as directed evolution (DE) and high-

throughput screening (HTS), have been the most effective methods of engineering protein 

functionality40,47–51. These methods create random (DE) or pseudo-random (HTS) mutations on 

the protein of interest and apply artificial selection pressures to discover variants with desired 

performance capabilities. The best-performing variants of each screen are advanced as parent 

constructs for future screens, constituting a mimic of Darwinian evolution. Traditionally, only the 

mutations that occur in the best-performing variants are identified. These methodologies have been 

incredibly successful at improving the speed of discovery of new variants, though they still require 

resource-intensive screening cycles.  

1.3.3 Computational Advancements 

The relationship between sequence and structure has been well established within protein 

engineering. Computational predictions of static protein structures or modeling of ligand-protein 

interactions have been highly successful, as the correct conformation often satisfies the 

thermodynamic-favorability hypothesis8,52–54. However, these successes have not translated well 

to describing the structure-function relationship of dynamic proteins47,53. Current computational 

models lack the precision required to assess energetic changes induced by single point mutations 

and do not consider that natural proteins may undergo non-energetically favorable conformational 

changes53,55–57. For this reason, methods of analyzing the sequence-function relationship of 

proteins require further exploration, which may now be available with machine learning.  

Machine learning (ML) algorithms have proven to be powerful data-driven tools in protein 

engineering. Models have shown the capability to generalize complex biological interactions 

without previous knowledge of elaborate pathways58. These algorithms have already been used to 
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engineer enzyme functionality, with recent studies using ML to alter fluorescent proteins and 

optogenetic tools with varying pipeline complexity8,59–63. The emergence of promising machine 

learning studies and developments in high-throughput engineering techniques act as 

complimentary advancements as they form a symbiotic inference relationship.  

1.4 FUTURE DIRECTIONS OF OPTOGENETIC ENGINEERING 

 There remains a need for continued development of optogenetic tools, including expanding 

the current tools set as well as optimization of current scaffolds. Within optogenetic actuators, 

there is a critical need for fast variants that maintain large activation currents, as well as spectrally 

shifted variants. With additional opsin discovery, there will be more opportunities for actuator 

development. For optogenetic actuators, even with the large toolset that currently exists, it is vastly 

outnumbered by the number of biological chemicals that require sensing tools. As such, we still 

require additional tools as well as improving the biophysical characteristics of existing tools such 

as sensitivity, kinetics, and specificity. Additionally, within both optogenetic tool types, there is a 

substantial need for tools with the ability to multiplex. There currently is no microbial opsin-based 

tool that does not activate within the 488 nm wavelength band, which is the most common channel 

used by optogenetic sensors. This is compounded by off-target photoactivation of commonly used 

red-shifted fluorophores such as cp-mApple, which can lead to incorrect analysis when 

multiplexed with tools like ChR2.   

 To complete these tasks, the field would still benefit from further advancements in 

engineering approaches. The high-throughput engineering methods are promising, but within each 

screen, only the promising variants are sequenced, and thus very little is learned about variants 

that cause deleterious effects. These high-throughput methodologies present a unique opportunity 

to generate mutational libraries, should more variants be sequenced within each screen. These 
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sequence-to-function libraries can serve as inputs to train machine learning algorithms. In this way, 

high-throughput methods can inform machine learning algorithms, and in turn, machine learning 

algorithms can inform on possible beneficial mutations and direct downstream mutation library 

formations. Leveraging machine learning for mutation prediction and optimization could enhance 

the efficiency and effectiveness of tool development efforts. 
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Chapter 2. Development of a Machine Learning Pipeline to Guide 
Optimization of Genetically Encoded Calcium Indicators1 

ABSTRACT 

In this study, we focused on the transformative potential of machine learning in the 

engineering of genetically encoded fluorescent indicators (GEFIs), protein-based sensing tools that 

are critical for real-time monitoring of biological activity. GEFIs are complex proteins with 

multiple dynamic states, rendering optimization by trial-and-error mutagenesis a challenging 

problem. We applied an alternative approach using machine learning to predict the outcomes of 

sensor mutagenesis by analyzing established libraries that link sensor sequences to functions. 

Using the GCaMP calcium indicator as a scaffold, we developed an ensemble of three regression 

models trained on experimentally derived GCaMP mutation libraries. We used the trained 

ensemble to perform an in silico functional screen on 1423 novel, uncharacterized GCaMP 

variants. As a result, we identified the novel ensemble-derived GCaMP (eGCaMP) variants, 

eGCaMP and eGCaMP+, that achieve both faster kinetics and larger ∆F/F0 responses upon 

stimulation than previously published fast variants. Furthermore, we identified a combinatorial 

mutation with extraordinary dynamic range, eGCaMP2+, that outperforms the tested 6th, 7th, and 

8th generation GCaMPs. These findings demonstrate the value of machine learning as a tool to 

facilitate the efficient pre-screening of mutants for functional characteristics. By leveraging the 

learning capabilities of our ensemble, we were able to accelerate the identification of promising 

mutations and reduce the experimental burden associated with trial-and-error mutagenesis. 

Overall, these findings have significant implications for optimizing GEFIs and other protein-based 

tools, demonstrating the utility of machine learning as a powerful asset in protein engineering. 
 

1. This chapter contains text directly from and adapted from: Wait, S.J., Expòsit, M., Lin, S. et al. Machine 
learning-guided engineering of genetically encoded fluorescent calcium indicators. Nat Comput Sci 4, 224–236 
(2024). https://doi.org/10.1038/s43588-024-00611-w 
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2.1 INTRODUCTION 

Genetically encoded fluorescent indicators (GEFIs) are protein-based sensors that 

allosterically link fluorescent proteins to protein domains that bind with specific ligands. Changes 

in fluorescence intensity upon ligand binding can be recorded spatiotemporally, allowing 

researchers to monitor ligands such as intracellular second messengers or neuromodulators in 

freely moving animals52. Today, GEFIs are essential tools in neuroscience, with sensors already 

developed for calcium, dopamine, norepinephrine, endocannabinoids, and opioids, among 

others6,7,32–35,40,64–66. However, to match each sensor's biophysical properties, like dynamic range 

or kinetics, with specific experimental needs, GEFIs demand extensive mutation-based 

engineering. Currently used engineering methods, such as trial-and-error mutagenesis, often come 

with substantial time and resource commitments. As a result, there's a critical need for innovative 

approaches that can reduce the experimental burden. Here, we use machine learning on a 

mutational library to investigate the sequence-function relationships of GEFIs and predict the 

functional characteristics of novel mutants.  

Machine learning (ML) algorithms are valuable tools in protein engineering that have the 

ability to understand complex interactions without prior knowledge of intricate structure-function 

relationships58. These algorithms have been employed to engineer enzymes, fluorescent proteins, 

and optogenetic tools with varying levels of ML-pipeline complexity8,59–63. In this study, we 

combine the strengths of these previous examples into a novel approach. Firstly, our approach is 

based on the protein sequence-function relationship, ensuring that the resulting model can be 

applied to any mutational protein library. This versatility allows for broader adaptability across 

various protein engineering problems. Secondly, we utilize multiple models in parallel, 

implementing an ensembling process to inform our final predictions, which increased our model’s 
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accuracy. Thirdly, our models were trained by testing 554 biophysical amino acid properties. By 

combining these elements, we developed an ML-based approach with the potential to broadly 

impact protein engineering. The resulting pipeline not only provides impressive predictive 

capabilities but remains broadly adaptable to sequence-function libraries, paving the way for more 

efficient engineering of proteins.  

We selected the calcium indicator GCaMP as a protein sensor scaffold to develop this 

platform. GCaMP is a chimeric protein that consists of circularly permuted GFP (cpGFP) fused to 

calmodulin (CaM) and calmodulin-binding peptide (CBP). GCaMP sensors have been widely 

adopted and have seen several generations of improvements to optimize their 

capabilities6,7,32,33,64,67,68. As a result, data from the in vitro functional characterizations of >1000 

mutants are publicly available7,33. Using this data, we developed a stacked ensemble capable of 

pre-screening the in vitro functional characteristics of previously untested GCaMP mutants. This 

method enabled us to identify mutations that accelerate the off-rate kinetics and increase the ∆F/F0 

response of jGCaMP7s. Our study demonstrates that ML ensembles can effectively learn from 

complex mutational datasets and that we can harness their predictive power to pre-screen mutation 

libraries for enhanced biophysical properties. This quality is increasingly important to complement 

the growing suite of high-throughput protein engineering methodologies, streamlining the analysis 

process, and further advancing the field. 

2.2 RESULTS 

2.2.1 Description of Variant Library, Computational Approach, and Predictions on Novel 

Sequences 

To train the ML ensembles, we used published data from two previous publications to form 

our GCaMP variant libraries, which consisted of 1078 characterized mutants and their in vitro 
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functional characteristics derived from cultured neuron screening64. Within the variant library, we 

focused on the change in fluorescence (∆F/F0) to one action potential (AP) stimulation (1AP 

∆F/F0) and decay kinetics of the fluorescent response (𝜏1/2, decay half-time after 10 APs) (Figure 

2.1A). When normalized to GCaMP6s as the baseline for target attributes (i.e., 1AP ∆F/F0 and 𝜏1/2 

= 1.0), we can see a broad distribution of variant capabilities and mutation locations within the 

GCaMP structure (Figure 2.1B, C; Figure 2.2A). We found that the sequence similarity is not 

deterministic for either the ∆F/F0 or kinetic response, as seen by the variability in mutation 

performance regardless of GCaMP generation (Figure 2.2B, D).  

 
Figure 2.1 Description of Variant Library, Computational Approach, and Ensemble Cross-
Validation 
A. Description of the biophysical attributes of the GCaMP sensor targeted for engineering. 

Fluorescence (∆F/F0) is the change between the baseline and maximal fluorescence upon 
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calcium sensing. Kinetics (𝝉1/2) refers to the decay from maximum ∆F/F0 to half-maximal 
∆F/F0.  

B. Scatter plot depicts the 1AP ∆F/F0 by the 𝝉1/2 for each of the 1078 variants in the variant 
library65. Each value was normalized to GCaMP6s as 1.0 for 1AP ∆F/F0 and 𝝉1/2. Published 
variants are indicated with colored dots and text labels. 

C. Crystal structure of GCaMP3-D380Y (RCSB: 3SG3, gray) with 75 residues (red) in which 
mutation information exists in the variant library61. These 75 residues indicate the positions 
used to form the novel library. Brackets indicate the main GCaMP domains calmodulin (CaM), 
calmodulin binding peptide (CBP), and circularly permuted GFP (cpGFP).  

D. Overview of model training schema. The variant library65 was split randomly into an 80% 
training set and a 20% testing set. The data was encoded using the AAINDEX property datasets. 
The train set underwent feature selection before being optimized using a grid search of key 
hyperparameters for each model. The optimized model was used to form predictions on the 20% 
test set and the novel library. The final predictions for both the test set and novel library were 
cached for downstream analysis. 

E. Cross-validation of the fluorescence ensemble. The scatter plot x-axis represents the true ∆F/F0 
value for each variant in the test set, and the y-axis represents the predictions made by the 
ensemble of the variants in the test set. The dotted line depicts perfect agreement between true 
values and predicted values. R2 value denotes the coefficient of determination of the scatter 
data. 

F. Cross-validation of the kinetic ensemble. The scatter plot’s x-axis represents the true 𝝉1/2 value 
contained for each variant in the test set and the y-axis represents the predictions made by the 
ensemble of the variants in the test set. The dotted line depicts perfect agreement between true 
values and predicted values. R2 value denotes the coefficient of determination of the scatter 
data. 

 

 

Before model training, the variants in the library were randomly assigned to training and 

testing sets at an 80/20 ratio for downstream cross-validation, where the mean values between the 

train and test sets were not significantly different in either the ∆F/F0 or kinetics library (Figure 

2.2C, E). We tried three different methods of encoding our mutation dataset, including one-hot 

encoding, label encoding, and functional encoding with amino acid property datasets found on 

AAINDEX69. AAINDEX consists of 554 complete matrices that each describe a different AA 

property, such as size, polarity, or hydrophobicity. Within our hands, we found that the AAINDEX 

encoding led to the greatest predictive capability of our ensemble (Figure 2.3C).  We trained and 

tested our models using each of the 554 AAINDEX property datasets to determine which 

properties led to the largest R2 values during cross validation. The top five datasets were isolated 
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and used to train models that contribute to the final ensemble’s predictions (Figure 2.1D, Figure 

2.3A). Interestingly, the underlying AA properties that led to high R2 values were associated with 

hydrophobicity for the ∆F/F0 library and conformation for the kinetics library (Figure 2.3B, C, D; 

Table 2.1, 2.2).  

To improve prediction capabilities, we performed a stacked ensemble comprising a random 

forest regressor (RFR), K-neighbors regressor (KNR), and multi-layer perceptron network 

regressor (MPNR)70,71. The ensemble’s predictions for each mutation are the average response 

from the 15 models (5 AA properties x 3 models). During cross-validation, the ensembles for 

∆F/F0 and kinetics achieved R2 values greater than 0.80 for predictions made on the test dataset 

(Figure 2.1E, F). The ∆F/F0 ensemble achieved a higher R2 value than any of the models 

contributing to the prediction, which indicates the beneficial collaborative effect of ensembling 

(Figure 2.3C).  
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Figure 2.2: Mutation Scope of Chen & Dana dataset & Train/Test Breakdown 
A. Bar plot depicts the number of tested amino acids for each residue in the full variant library. 

Color coding indicates the location within the GCaMP protein, light blue means the residue is 
in the CBP, gray means the residue is in one of the two linkers, green means the residue is in 
the cpGFP, and dark blue means the residue is in the CaM (x-axis denotes residue number, bar 
height indicates # of amino acids).  

B. 2D principal component analysis (PCA) of sequences contained in the full variant library with 
the third dimension displaying the normalized ∆F/F0 of each variant. Published variants are 
included as differentially colored dots, indicated in the legend. 

C. Span of Normalized ∆F/F0 values in the train set (n=862) and the test set (n=216). Each dot 
indicates one variant, where the line designates the mean and error bars SEM. Average values 
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and distribution did not differ between the two sets. (ns = P-value>0.05, unpaired t-test, two-
tailed)  

D. 2D PCA of sequences contained in the full variant library with the third dimension displaying 
the normalized 𝝉1/2 of each variant. Published variants are included as differentially colored 
dots, indicated in the legend. 

E. Span of Normalized 𝝉1/2 values in the train set (n=862) and the test set (n=216). Each dot 
indicates one variant, where the line designates the mean and error bars SEM. Average values 
and distribution did not differ between the two sets. (ns = P-value>0.05, unpaired t-test, two-
tailed)  
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Figure 2.3: ∆F/F0 and Kinetics Ensembles Display Amino Acid Property Preference 
A. Kernel density estimates depict the range of the max R2 values saved for each of the 554 amino 

acid property datasets optimized for both ensembles. Bar patterning designates regressor type. 
The top five performing property datasets were advanced for downstream analysis.  

B. Principal component analysis of the values in the top datasets from each ensemble (2x15 
datasets). (number of components = 4, number of clusters = 5). 

C. Scatter plot of R2 values from the top five performing amino acid matrices for each regressor 
type within each ensemble. Color mapping is indicative of PCA cluster identity (B.). Ensemble 
R2 indicates the final R2 value of predictions from each contributor model after averaging for 
the indicated encoding method. Models belonging to the ∆F/F0 library are plotted on a 
transparent background, and models belonging to the kinetic library are plotted on an opaque 
background.  

D. Pie-charts depict the amino acid properties that were found in each PCA cluster. Total indicates 
the number of property matrices within the cluster. Name and name color coordinate with B./C. 
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Table 2.1: ∆F/F0 library encoding dataset information. 
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Table 2.2: Kinetics library encoding dataset information. 

 
 

2.2.2 Identification of Mutations of Interest From Ensemble Predictions 

We utilized the trained ensembles to predict a novel library’s ∆F/F0 and kinetics 

capabilities. This library was created by taking jGCaMP7s and substituting each of the 75 positions 

previously mutated in the variant library with the remaining 19 amino acids (Figure 2.1C). After 

removing redundant variants, the novel library contained 1423 uncharacterized variants. We 

calculated the ‘Predicted Change From jGCaMP7s’ by subtracting the average predicted value of 

jGCaMP7s from the predicted value for each mutant. We performed an unpaired t-test between 

the 15 predictions made for each mutant (one from each contributor model) and the 15 predictions 

made for jGCaMP7s within the same library. These two metrics allowed us to isolate mutations 

whose predicted value differs significantly from jGCaMP7s (Figure 2.4Ai). From these 
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normalized value predictions, we can ascertain what mutations were predicted to affect the 

biophysical characteristics of jGCaMP7s in both the ∆F/F0 and kinetics (Figure 2.4B, C). In our 

model training, the jGCaMP7s sequence was purposely withheld. Nevertheless, the ensemble 

prediction ranked the base jGCaMP7s sequence within the top 15% of variants for a large ∆F/F0 

response. Consequently, the ensemble predicted most variants to have a decreased ∆F/F0 capability 

compared to jGCaMP7s. Variants such as L317E, L317K, L317N, L317D, and L317H were all 

predicted to have a decreased ∆F/F0 response (<-2.2 a.u.) compared to jGCaMP7s, while variants 

such as G392F, G392I, and G392W were all predicted to have an increased (>0.25 a.u.) ∆F/F0 

response (Figure 2B). In the kinetics library, L317E, L317D, L317N, and L317K were all predicted 

to decay faster (<-0.6 a.u.) than jGCaMP7s, while variants such as A390Y, L302D, and L302C 

were all predicted to decay slower (>0.3 a.u.) than jGCaMP7s (Figure 2.4C). The variants 

discussed above all fell outside 99.7% (±3σ) of -log10(P-Values), except for large ∆F/F0 

predictions, indicating that the 15 contributing models displayed confidence in the effect of the 

mutation (±3σ, ∆F/F0: 0.612, kinetics: 0.242) (Figure 2.4B, C).  
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Figure 2.4: Predictions Derived From the Ensembles Led to Mutations of Interest for In 
Vitro Verification 
A. Brief description of prediction analysis. From each model, the predictions from the top five 

property datasets were combined in the stacked ensemble. The stacked ensemble predictions 
were formed by averaging the predictions from the 15 contributor models for each variant 
(Predn) in the novel library. The raw output is thus the prediction (Predn) for each mutant, with 
a prediction for jGCaMP7s as a benchmark. The volcano plots were formed by subtracting the 
benchmark jGCaMP7s prediction from the variant prediction (x-axis) and P-values were 
derived by performing an unpaired t-test between the 15 predictions for variantn and the 15 
predictions for jGCaMP7s (i). The bubble plot indicates the prevalence, or number of times a 
given residue appears, in the top 2.5% and bottom 2.5% of predictions, indicating that the 
ensemble believed mutations at said residue heavily influence sensor function (ii).  

B. Volcano plots depicting the ensemble's prediction for a given mutation change in fluorescent 
response from jGCaMP7s (x-axis) and the log10(P-value) of the given prediction. P-values 
were calculated using an unpaired t-test on ensemble predictions (15 models) for jGCaMP7s 
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and the given mutation. Kernel density estimation (right) depicts the spread of log10(P-values) 
obtained. 

C. Volcano plots depicting the ensemble's prediction for given mutations change kinetic 
capability from jGCaMP7s (x-axis) and the log10(P-value) of the given prediction. P-values 
were derived using an unpaired t-test on ensemble prediction (15 models) for jGCaMP7s and 
given mutation. Kernel density estimation (right) depicts the spread of log10(P-values) 
obtained. 

D. Bubble plot depicting the number of times each residue (x-axis) appeared in the top 2.5% and 
bottom 2.5% of predicted values for each regressor that comprise each ensemble. 

 
 

Next, we identified the residues in each library whose mutations had the strongest positive or 

negative impact on ∆F/F0 and kinetics. To do so, we isolated the top and bottom 2.5% of the ranked 

predictions and counted the number of times each residue appears (Figure 2.4Aii). We designated 

these as ‘impactful residues’, as the ensemble associated mutations at these positions to greatly 

alter protein function. We found that 22% and 18% of the impactful residues in the ∆F/F0 and 

kinetics libraries, respectively, were L317 predictions (Figure 2.4D), despite only 1.3% of variants 

in the novel library harboring an L317 mutation. Similarly, L302 predictions accounted for 14% 

and 16% of the impactful residues of the ∆F/F0 and kinetics libraries, respectively (Figure 2.4D). 

Both L317 and L302 are in key positions of the GCaMP protein, where L317 is located on the 

interface between CaM and CBP and L302 is in the linker between CaM and cpGFP (Figure 2.5A, 

B, C). In contrast, residue A390 was found to be 4.5 times more impactful in the kinetics 

predictions than in the ∆F/F0 predictions. Like L317, A390 is located on the interface between 

CaM and CBP but on the opposing side (Figure 2.5D). Impactful residues for each biophysical 

property also tended to cluster. For instance, the kinetics library displays 38% prediction 

prevalence surrounding residue clusters Y380, R381, R383, and L302, P303, Q305. The 

prevalence of these residues is 2.38x higher in kinetics predictions than the ∆F/F0 predictions. 

These residues are located close to each other in 3D space, representing the residue linker and one 

of the inward loops of CaM (Figure 2.5E). Within the ∆F/F0 predictions, residue clusters N44, 
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K45, H48, V52, and M374, M378, K379 displayed 31% prediction prevalence, 3.9x higher than 

the kinetics library. Interestingly, when mapping residues H48, V52, L317, M374, M378, and 

K379 back onto the crystal structure, we observed that all these residues face inward toward one 

another, suggesting that they may be involved in interactions essential for the ∆F/F0 response 

(Figure 2.5F). These observations allow us to concentrate mutation efforts on key residues and 

identify specific residues or residue interactions that may be most advantageous to target for each 

biophysical characteristic. 

 
Figure 2.5: In Silico Predictions Indicate Key Residues and Interactions Within the 
GCaMP Protein 
A. Crystal structure of GCaMP3 D380Y (RCSB: 3SG3), with color mapped CaM (gray), CBP 

(light blue), cpGFP (dark green), Ca2+ (lime green), and hydrogen bonds (light blue dashed 
lines). 

B. Residue A317L rotamer (red) on the interface of CaM (gray) and CBP (light blue).  
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C. Residue L302 (red), on linker between CaM (gray) and cpGFP (dark green), with hydrogen 
bonds (light blue dashed lines).  

D. Residue A390 (red, left), interfacing with the EF-hand motif, and G392 (red, right) interfacing 
with CBP (light blue), with color-mapped CaM (gray).  

E. Representative image of residues Y380, R381, T383, L302, P303, and Q305 (dark orange) 
proximity on the crystal structure with color-mapped CaM (gray) and cpGFP (dark green).  

F. Representative image of residues K48, V52, L317, M374, and M378 (dark blue) proximity on 
the crystal structure with color-mapped CaM (gray) and CBP (light blue). 

 
 
 
 
 
 
 
 
 



 

 

41 

University of Washington - Encrypt and Set Custom Permissions applied 

 
Figure 2.6: Gq/IP3 Assay in HEK293 Cells to Validate Ensemble Predictions 

A. Brief description of the methods contained in the figure. Mutation predictions isolated from the 
ensemble are used as the basis for downstream variant analysis. Variants of interest are cloned 
into the jGCaMP7s (Addgene, #104463) backbone. These variants are then transfected into 
HEK293 cells using lipofectamine transfection. Forty-eight hours post-transfection, cells are 
time-course imaged using an epifluorescent microscope. The stimulation protocol contains a 
period to collect baseline fluorescence, a bath addition of 10 µM acetylcholine, and a decay 
period. Visual representations of the qualifications in B./C. are found on the representative 
response trace. 

B. Max fluorescent responses (Eq.1) that were obtained from each mutant of jGCaMP7s expressed 
in HEK293 cells and stimulated with ten µM acetylcholine. Heat mapping demonstrates the 
ensemble’s prediction of the given mutation’s performance in vitro. Mutations are sorted in 
order of the ensemble's predicted performance. Dotted line depicts mean performance of the 
base construct, jGCaMP7s.(n = number of cells quantified; bars depict mean + bootstrapped 
95% ci). 
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C. Decay values (𝝉, tau, Eq.4) obtained from each mutant of jGCaMP7s expressed in HEK293 
cells and stimulated with ten µM acetylcholine. Heat mapping demonstrates the ensemble’s 
prediction of the given mutation’s performance in vitro. Mutations are sorted in order of the 
ensemble’s predicted performance. Dotted line depicts mean performance of the base construct, 
jGCaMP7s. (n = number of cells quantified; bars depict mean + bootstrapped 95% ci).  

D. Signal-to-noise ratio (SNR, Eq.2) of each mutant of jGCaMP7s expressed in HEK293 cells and 
stimulated with ten µM acetylcholine. Mutations are sorted in ascending order based on residue 
number and final residue composition. Dotted line depicts mean performance of the base 
construct, jGCaMP7s. (n = number of cells quantified; bars depict mean + bootstrapped 95% 
ci). 

E. Performance score, consisting of the SNR/𝝉 (Eq.2/Eq.4), obtained from each mutant of 
jGCaMP7s expressed in HEK293 cells and stimulated with ten µM acetylcholine. Heat mapping 
highlights the highest-scoring mutants or those with high ∆F/F0 (%) responses and fast decay 
speeds. Mutations are sorted in ascending order based on residue number and final residue 
composition. (n = the number of cells quantified; bars depict mean + 95% bootstrapped ci). 

 
 

2.2.3 In Vitro Performance of Ensemble Predictions 

 We tested mutations predicted by the ML-ensemble to enhance biophysical properties by 

stimulating HEK293 cells with acetylcholine6,32,72. This process activates calcium channels in the 

endoplasmic reticulum (ER) through Gq/IP3 coupled pathways73,74 (Figure 2.6A). We performed 

this step as a preliminary screening method to obtain an understanding of variant responses, prior 

to transitioning promising results to cultured neurons.  

Mutations predicted to have a greater ∆F/F0 than jGCaMP7s (P303F, P303W, G392F, and 

G392W) all achieved >130% increase in ∆F/F0 over jGCaMP7s (Figure 2.6B, Table 2.3A). We 

also found three variants (L302G, L302H, and L302R) that satisfied their predicted decrease in 

∆F/F0 response, with an average of 1.75x lower ∆F/F0 response (Figure 2.6B, Table 2.3A). The 

overall accuracy of the ∆F/F0 model is 0.56 (Figure 2.7C, E). The accuracy score is largely 

affected by the L317 mutants, which were predicted to have a decreased ∆F/F0 response but 

displayed the opposite characteristic in vitro. For example, all four L317 mutants achieved 2x 

greater ∆F/F0 than jGCaMP7s. Within the known variant library used for model training, we found 
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that all variants characterized that contained the mutations of 317N, 317E, 317K, or 317H saw 

almost a complete reduction of the ∆F/F0 capabilities (Figure 2.8A, B). Accordingly, we found 

that the L317H mutation in jGCaMP7f led to the predicted reduction of the ∆F/F0 (Figure 2.8C). 

This reflects findings in the Dana et al. 2019 dataset, in which variant 10.1035 (jGCaMP7f L317H) 

saw a 95% reduction in ∆F/F0 to 1AP stimuli compared to 10.9210 (jGCaMP7f)64. We speculate 

that this learned association is why the ensemble predicted mutations at L317 are detrimental to 

the sensor’s ∆F/F0 response. Regardless, we identified four mutations (P303W, P303F, G392F, 

G392W) that displayed their predicted increase in ∆F/F0 as well as five mutations (A390Y, L302C, 

L302H, L302G, L302R) that displayed the predicted decrease in ∆F/F0.  
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Figure 2.7: Estimation of Model Accuracy with Acetylcholine Results 
A. Confusion Matrix of 100 simulated coin flip experiments (each containing 16 samples). 
B. Confusion matrix of all both models’ predictions and acetylcholine performance. 
C. Confusion matrix of all fluorescence model's predictions and acetylcholine performance. 
D. Confusion matrix of all kinetics model's predictions and acetylcholine performance. 
E. Quantification of each confusion matrices accuracy and precision. 
 
 

The mutations that changed kinetics largely aligned with the ensemble predictions, with an 

accuracy score of 0.75 (Figure 2.6C, Figure 2.7D, E). Variants P303D, L317E, L317H, L317K, 
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L317N, G392F, and G392W were predicted to accelerate decay kinetics. Of these variants, 85% 

showed shorter decay times than jGCaMP7s, with L317K displaying a decay time that was 5x 

faster than jGCaMP7s (Figure 2.6C, Table 2.3B). Additionally, 71% of the variants predicted to 

decrease decay (L302C, L302D, L302G, L302H, L302R, A390R, A390Y) demonstrated the 

predicted behavior, with L302G exhibiting a decay time 2.18x longer than jGCaMP7s (Figure 

2.6C, Table 2.3B). 

 

 
Figure 2.8: Assessment of Ensemble Predictions Compared to In Vitro Behaviors 
A. Normalized fluorescent responses to indicated stimuli in cultured neurons, obtained from the 

Chen et al. 2013 and Dana et al. 2019 variant library (bars depict mean + SEM (if applicable).  
B. Table of values contained in A. Values are derived from the Chen et al. 2013 and Dana et al. 

2019 variant library, rows contain the identification number of the cataloged variant (Index), 
the variants' amino acid identities at residues 52, 317, and 374 (52 AA, 317 AA, 374 AA), and 
the normalized ∆F/F0 at 1 AP (∆F/F0: 1AP). jGCaMP7s is included in the first row as it’s Dana 
et al. 2019 derived identity (10.1473).  
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C. Max fluorescent responses obtained from listed variants expressed in HEK293 cells and 
stimulated with acetylcholine. (n = number of cells quantified; bars depict mean + SEM, **** 
= <0.0001 (unpaired t-test, parametric, two-tailed)). [jGCaMP7f = 497.6 (SEM: 22.15; n=353); 
jGCaMP7f L317H = 130.7 (SEM: 3.57; n=330)]. 

 

 

 

For subsequent experiments, we focused on mutations that increased ∆F/F0 and accelerated 

decay kinetics, as these biophysical characteristics could improve the detection of fast calcium 

signaling, such as those found in neurons firing APs. We found that the variants with large ∆F/F0 

responses, including G392W, G392F, P303F, P303W, L317N, L317K, L317E, and L317H, 

maintained a signal-to-noise ratio (SNR, Eq. 2) 1.5x greater than jGCaMP7s (Figure 2.6D, Table 

2.3C). To highlight variants with large ∆F/F0 and fast kinetics, we created a performance score by 

dividing SNR by the tau value (Eq. 2/Eq. 4) (Figure 2.6E). L317E, L317K, L317H, and L317N 

achieved performance scores on average 10.28x greater than jGCaMP7s (Table 2.3D). Among 

them, L317H had the highest performance score of 54.49 (a.u.), 14.23x greater than jGCaMP7s. 

Based on this assessment, we selected the jGCaMP7s L317H variant for further characterization 

and named it “ensemble-GCaMP” (eGCaMP). These in vitro results demonstrate that the ensemble 

could effectively predict sensor functionality, significantly reducing the experimental burden 

required to identify variants with desired biophysical properties. 
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Table 2.3: Descriptive Statistics of Ensemble Prediction Screen Results 

 
Tables containing the information displayed in Figure 2.6B,C,D,E. Tables contain the construct 
(Variant), the mean response (A. ∆F/F0 (%), B. Tau (s), C. SNR (a.u), D. SNR/Tau (a.u.)), the 
95% confidence interval (95% CI), and the number of samples (ROIs Measured (n)).  
 
 

2.2.4 Combinatorial Mutations and Mutation Transfer Led to the Identification of eGCaMP+ and 

eGCaMP2+ 

We introduced the 317H mutation into jGCaMP8f64 to test if the beneficial effects could 

similarly alter divergent GCaMP iterations. Residue L317 in jGCaMP7s is located in a conserved 
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region of CaM and is equivalent to A289 in jGCaMP8f (Figure 2.9A). The A289H mutation on 

jGCaMP8f improved the ∆F/F0 response 4x over jGCaMP8f (Figure 2.10A). jGCaMP8f A289H 

also showed 36% faster decay than jGCaMP8f (Figure 2.10B). The fast decay kinetics combined 

with large ∆F/F0 responses provide a promising variant that we named “ensemble-GCaMP+” 

(eGCaMP+), which we advanced for further downstream testing.  

 

 
Figure 2.9: Combinatorial Mutation Biophysical Characteristics and Basis for Mutation 
Transfer 
A. Sequence alignment of jGCaMP7s and jGCaMP8f. Light gray indicates identical sequence 

alignment, and red indicates sequence dissimilarities. Breaks indicate a missing sequence 
portion caused by additional sequence portions in other constructs. The physical location of the 
residue L317 in jGCaMP7s is designated with the green box and the residue number of the 
matching location is included as green text over the sequence. Text along the top of the sequence 
depicts the physical location in the GCaMP protein: CBP, CaM, or circularly permuted 
fluorescent protein (cpFP).  
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B. Decay values (𝝉, tau, Eq.4) obtained from each combinatorial mutant of jGCaMP7s expressed 
in HEK293 cells and stimulated with 10 µM acetylcholine. Mutations are sorted according to 
∆F/F0 performance (n = the number of cells quantified; bars depict mean + bootstrapped 95% 
ci). Signal-to-noise ratio (SNR, Eq.4) obtained from each combinatorial mutant of jGCaMP7s 
expressed in HEK293 cells and stimulated with 10 µM acetylcholine. Mutations are sorted 
according to ∆F/F0 performance (n = the number of cells quantified; bars depict mean + 
bootstrapped 95% ci).  

C. Signal-to-noise ratio (SNR, Eq.4) of indicated variant, expressed in HEK293 cells and 
stimulated with different acetylcholine concentrations (x-axis). Plotted points indicate the mean 
SNR response for each variant to indicated stimuli, and error bars display the SEM. The solid 
line depicts the non-linear fit of scatter data.  

 
 

Next, we tested a select combination of additional mutations on eGCaMP. For example, 

we chose the jGCaMP7s variants L302D, P303D, A390R, and G392W for their increased ∆F/F0 

in vitro (Figure 2.6B). Other mutants were selected based on their locations. Namely, L302 and 

P303 are key functional residues in the linker between cpGFP and CaM6,75(Figure 2.10C). Residue 

G392 forms a hydrogen bond with residue G398, which lies in one of the EF-hand domains and 

has been previously observed to influence the Ca2+ affinity6,76 (Figure 2.5D), and A390 lies on the 

interaction face between CaM and CBP (Figure 2.10D). We tested Q305 due to its proximity to 

the linker residues (Figure 2.10C), hydrogen bonding interactions with Y380 (Figure 2.5E), and 

prevalence in the impactful residues for kinetics (Figure 2.4D).  
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Figure 2.10: Mutation Transfer and Combinatorial Mutation For The Identification of 
eGCaMP+ and eGCaMP2+ 
A. Max fluorescent responses (Eq.1) obtained from each variant indicated on the x-axis, expressed 

in HEK293 cells and stimulated with 10 µM acetylcholine. Wild Type (WT) indicates the parent 
construct of either jGCaMP7s (7s) or jGCaMP8f (8f). Mutation (Mut) indicates the parental 
construct with the addition of L317H in jGCaMP7s and A289H in jGCaMP8f. Each 
parental/variant pair is normalized to the base construct mean = 1.0 (n = the number of cells 
quantified; bars depict mean + SEM; **** = <0.0001 (unpaired t-test, two-tailed)). jGCaMP8f 
A289H is called eGCaMP+ in Figure 2.10G. and 2.10H.  

B. Decay values (𝝉, tau, Eq.4) obtained from each variant indicated on the x-axis, expressed in 
HEK293 cells and stimulated with 10 µM acetylcholine. Wild Type (WT) indicates the parent 
construct of either jGCaMP7s (7s) or jGCaMP8f (8f). Mutation (Mut) indicates the parental 
construct with the addition of L317H in jGCaMP7s and A289H in jGCaMP8f. Each 
parental/variant pair is normalized to the base construct mean = 1.0 (n = the number of cells 
quantified; bars depict mean + SEM; **** = <0.0001 (unpaired t-test, two-tailed)). jGCaMP8f 
A289H is called eGCaMP+ in Figure 2.10G. and 2.10H.  

C. Crystal structure of GCaMP3-D380Y (RCSB: 3SG3, gray) with Q305 and linker residues P303 
and L302 colored in dark blue with sidechains visible. CaM and cpGFP labels are included to 
orient linker locations.  

D. Crystal structure of GCaMP3-D380Y (RCSB: 3SG3, gray) with A390 and G392 colored dark 
blue with sidechains visible. Bound Ca2+ (green spheres) in the EF-Hand motifs and the CBP 
(orange) are included.  
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E. Max fluorescent responses (Eq.1) obtained from each combinatorial variant of jGCaMP7s 
expressed in HEK293 cells and stimulated with 10 µM acetylcholine. Mutations are sorted in 
order of ∆F/F0 performance and identified on the x-axis of 2.10D. (n = the number of cells 
quantified; bars depict mean + bootstrapped 95% ci77; **** = <0.0001 (unpaired t-test)). 

F. Performance score, consisting of the SNR/𝝉 (Eq.2/Eq.4), obtained from each combinatorial 
variant of jGCaMP7s expressed in HEK293 cells and stimulated with 10 µM acetylcholine. 
Mutations are sorted in order of ∆F/F0 performance. (n = number of cells quantified; bars depict 
mean + bootstrapped 95% ci) jGCaMP7s L317H Q305D is called eGCaMP2+ in Figure 2.10G. 
and 2.10H.  

G. Fluorescent responses (∆F/F0, Eq. 1) of indicated variant, expressed in HEK293 cells and 
stimulated with different acetylcholine concentrations (x-axis). Plotted points indicate the mean 
∆F/F0 response for each variant to indicated stimuli, and error bars display the SEM. The solid 
line depicts the non-linear fit of scatter data. Additional information on plotted points is included 
in Supplementary Table 3. (* = <0.05; ** < 0.01; *** < 0.001; **** < 0.0001 (unpaired t-test 
between indicated variant and jGCaMP7f)).  

H. Kinetic decay (𝝉, tau, Eq.4) of the indicated variant, expressed in HEK293 cells and stimulated 
with 5 µM acetylcholine. Plotted points indicate the mean 𝝉 for each variant to the indicated 
stimuli, and error bars display the SEM. Additional information on plotted points is included in 
Supplementary Table 3. 
 

 

 

All combinations, except for L317H/G392W, led to functional proteins (Figure 2.10E, F; 

Figure 2.9B). On average, all variants exhibited decay times 5.0x faster than jGCaMP7s (Figure 

2.9B; Table 2.4B). Within the tested variants, 50% displayed equal or improved ∆F/F0 response 

to that of eGCaMP (Figure 2.10E; Table 2.4A). We observed the largest ∆F/F0 in the 

L317H/Q305D mutation, with an almost 2.5-fold increase in ∆F/F0 over eGCaMP and a 5-fold 

increase over jGCaMP7s (Figure 2.10E; Table 2.4A). The variant also achieved the highest 

performance score (i.e., large SNR, fast decay) of all variants, a 1.36x fold increase over eGCaMP 

(Figure 2.10F; Figure 2.9B; Table 2.4D). We chose the jGCaMP7s L317H/Q305D for further 

characterization and named it “ensemble-GCaMP2+” (eGCaMP2+).  
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Table 2.4: Descriptive Statistics of Combinatorial Mutation Screen Results 

 
Tables containing the information displayed in Figures 2.10E,F and Figure 2.9B,C. Tables contain 
the construct (Variant), the concentration of the acetylcholine stimulus (Acetylcholine Stimuli 
(µM)), the mean response ((A. ∆F/F0 (%), B. Tau (s), C. SNR (a.u), D. SNR/Tau (a.u.)), the 95% 
confidence interval (95% CI), and the number of samples (ROIs Measured (n)).  
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Table 2.5: Descriptive Statistics of Acetylcholine Concentration Curve Results 

 
Tables containing the information displayed in Figures 2.10G,H. (A.,B.,C.,D.,E.,F.,G.) Tables 
contain the concentration of the acetylcholine stimulus (Concentration (µM)), the construct 
(Variant), the mean response (Mean ∆F/F0 (%)), the standard error of the mean (SEM), and the 
number of samples (Samples (n)). (H.) The table contains the concentration of the acetylcholine 
stimulus (Concentration (µM)), the construct (Variant), the speed of off-decay (Tau Off (s)), the 
standard error of the mean (SEM), and the number of samples (Samples (n)).  
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Figure 2.11:  Excitation and Emission Spectra of eGCaMP Sensors 
A. Purified GCaMP6s protein diluted into buffer containing either 10 mM EGTA or 10 mM 

CaEGTA. Emission spectra were calculated using a fixed excitation at 450 nm and excitation 
spectra were calculated using a fixed emission at 520 nm.  

B. Purified eGCaMP protein diluted into buffer containing either 10 mM EGTA or 10 mM 
CaEGTA. Emission spectra were calculated using a fixed excitation at 450 nm and excitation 
spectra were calculated using a fixed emission at 520 nm.  

C. Purified eGCaMP+ protein diluted into buffer containing either 10 mM EGTA or 10 mM 
CaEGTA. Emission spectra were calculated using a fixed excitation at 450 nm and excitation 
spectra were calculated using a fixed emission at 520 nm.  

D. Purified eGCaMP2+ protein diluted into buffer containing either 10 mM EGTA or 10 mM 
CaEGTA. Emission spectra were calculated using a fixed excitation at 450 nm and excitation 
spectra were calculated using a fixed emission at 520 nm.  

 

 

 

We benchmarked the biophysical and photophysical properties of eGCaMP, eGCaMP2+, 

and eGCaMP+ against published variants including widely used constructs such as GCaMP6s, 

GCaMP6f, jGCaMP7s, jGCaMP7f, jGCaMP8s, jGCaMP8m, and jGCaMP8f7,33,64. The excitation 

and emission spectra of the eGCaMP variants remains unchanged from the previously published 
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GCaMPs, with excitation peaks at ~495 nm and emission peaks at ~515 nm (Figure 2.11A-D). 

Using c-terminally red fluorescent protein (RFP) tagged constructs, we found that eGCaMP, 

eGCaMP+, and eGCaMP2+ maintained higher dynamic ranges and SNRs but have lower baseline 

fluorescence than GCaMP6s, jGCaMP7s, and jGCaMP8f (Figure 2.10F; Figure 2.12A-D).  In 

the acetylcholine concentration curve, we found that the three ensemble variants demonstrated 

both impressive ∆F/F0 responses and signal to noise ratios compared to previously published 

GCaMPs (Figure 2.10G; Figure 2.9C). At every tested concentration, eGCaMP+ and eGCaMP2+ 

maintained larger ∆F/F0s than all previously published variants (Figure 2.10G; Table 2.5). For 

example, eGCaMP2+ achieved 2.5x greater ∆F/F0s at 0.1µM acetylcholine than the highest 

performing published variant, with decay times comparable to jGCaMP7f (Figure 2.10G, H; 

Table 2.5). Additionally, the decay time of eGCaMP+ was the fastest of all tested variants (46% 

faster than jGCaMP8f, its parental construct) while the maximum ∆F/F0, was second only to 

eGCaMP2+ (Figure 2.10G, H; Table 2.5). eGCaMP achieved a ∆F/F0 close to jGCaMP7f but with 

a 26% faster decay (Figure 2.10G, H; Table 2.5). Using purified proteins, we found that the 

eGCaMP and eGCaMP2+ variants achieved similar Kd’s to those published for jGCaMP8f78 (Table 

2.6). eGCaMP+ displayed a Kd shifted to the micromolar range, which is consistent with previously 

published studies finding a tradeoff between sensitivity and kinetics7,33,78 (Table 2.6). The 

eGCaMPs also demonstrated slightly diminished saturated extinction coefficients compared to 

GCaMP6f, but all displayed larger saturated quantum yields (Table 2.6). 
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Table 2.6: Photophysical Properties of Purified eGCaMP Proteins 

 
 

 
 

 
Figure 2.12: Ratiometric analysis of baseline fluorescence for eGCaMP, eGCaMP+, and 
eGCaMP2+ 
A. GCaMP variants GCaMP6s, jGCaMP7s, jGCaMP8f, eGCaMP, eGCaMP+, eGCaMP2+ were 

transformed into a CAG driven vector, with a mCherry control fluorophore added after a self-
cleaving motif (P2A) within the reading frame. 

B. Representative images taken with 488 nm wavelength excitation (GFP), 585nm wavelength 
excitation (RFP), an overlap of the two channels depicting the ratio of GFP intensity to RFP 
intensity (Blend), and the Cellpose derived ROIs used for analysis (ROI overlay). The scale bar 
depicts 50µm.  

C. Normalized fluorescence intensity of each ratiometric variant (x-axis shared with D.) at baseline 
(gray) and saturation conditions (black). Scatter points depict mean value and error bars depict 
SEM. 
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D. Normalized dynamic range (DR, green, left y-axis) and signal-to-noise ratio (SNR, blue, right 
y-axis) for each ratiometric variant (x-axis). Scatter points depict mean value and error bars 
depict SEM. 

 

 

2.2.5 eGCaMP, eGCaMP+, and eGCaMP2+ Performance in Primary Neurons 

 Next, we tested the eGCaMP variants in cultured primary rat cortical neurons stimulated 

using extracellular electrical fields7,33,79. We included these previously published variants to 

benchmark the responses from our sensors under identical experimental conditions. eGCaMP2+ 

displayed a ∆F/F0 of 10.1% in response to 1 AP stimuli, similar to amplitudes obtained by 

jGCaMP8f (Figure 2.13A; Table 2.7A). eGCaMP2+’s impressive response amplitudes became 

more apparent with increasing numbers of elicited action potentials. At 10 AP, eGCaMP2+ 

achieved 2.34x greater ∆F/F0 response than jGCaMP7s (the next closest variant), and at 80 AP 

stimuli, eGCaMP2+ achieved 1.82x greater ∆F/F0 response than GCaMP6s (the next closest 

variant) (Figure 2.13B, C; Table 2.7B, C). These results were recapitulated in saturation 

responses, where the average ∆F/F0 response to 40 mM KCl was 1938% for cells expressing 

eGCaMP2+ (Figure 2.13E; Table 2.7E). This ∆F/F0 is 2x greater than those observed in 

GCaMP6s, the sensor that saw the second-greatest responses to 40 mM KCl (Figure 2.13E; Table 

2.7E). While the KCl saturation responses were quantified using the cell body, the proximal 

projections in eGCaMP2+ similarly maintained >1000% ∆F/F0 increases (Figure 2.13F). At 80 AP 

trains, both eGCaMP and eGCaMP+ achieved higher ∆F/F0 response amplitudes than the 

previously published fast variants GCaMP6f and jGCaMP8f (Figure 2.13C; Table 2.7C). These 

results are compounded by both eGCaMP and eGCaMP+ achieving 10 AP half decay times (𝜏1/2) 

of 1.17s and 0.74s for each variant, respectively. These decay times are faster than jGCaMP8f’s, 

whose 10 AP half decay time was 1.49s (Figure 2.13D; Table 2.7D). Furthermore, eGCaMP 
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decayed 8x faster than jGCaMP7s, highlighting the ability of the ensemble to correctly predict the 

single point mutation’s functional effect (Figure 2.13D; Table 7). 

 

 
Figure 2.13: eGCaMP, eGCaMP+, and eGCaMP2+ Fluorescence and Kinetics 
Characteristics in Primary Neurons 
A. ∆F/F0 (%) recordings of each variant to 1 AP stimuli applied at 0.5 Hz over 6 seconds (lines 

depict mean, shading depicts SEM). The applied stimulus is shown in gray. Graph inset displays 
max ∆F/F0 (%) of each variant to first applied AP (mean + SEM, above-bar annotations = 
mean).  

B. ∆F/F0 (%) recordings of each variant to 10 AP stimuli applied at 10 Hz over 1 second (lines 
depict mean, shading depicts SEM). The applied stimulus is shown in gray. Graph inset displays 
max ∆F/F0 (%) of each variant to 10 AP stimulus (mean + SEM, above-bar annotations = mean).  

C. ∆F/F0 (%) recordings of each variant to 80 AP stimuli applied at 10 Hz over 8 seconds (lines 
depict mean, shading depicts SEM). The applied stimulus is shown in gray. Graph inset displays 
max ∆F/F0 (%) of each variant to 80 AP stimulus (mean + SEM, above-bar annotations = mean).  

D. Half decay time values after 10 AP stimuli, scatter depicts neurons quantified. (bars depict mean 
+ SEM; * = 0.045 (Unpaired t-test, Two-tailed)).  

E. Maximum ∆F/F0 (%) achieved after stimulation with 40 mM KCl. (bars depict mean + SEM; 
**** = < 0.0001 (Unpaired t-test, Two-tailed)). 
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F. Representative images of maximal fluorescent response to 40 mM KCl stimulation variant 
indicated above image. Heat Mapping displays ∆F/F0 (%) achieved by each pixel. (Scale bar = 
50 µm). 
 

 

 
Table 2.7: Descriptive Statistics of Primary Neuron Recording 

 
Tables containing the information displayed in Figures 2.13A,B,C,D. Tables A., B., and C. contain 
the construct (Construct), number of samples (Number of Values), the mean ∆F/F0 (%) response 
(Mean), the standard deviation (Std. Deviation), and the standard error of the mean (Std. Error of 
Mean) at 1 AP, 10 APs and 80 APs, respectively. Table D. contains the construct (Construct), 
number of samples (Number of Values), the mean half decay time (s) (Mean), the standard 
deviation (Std. Deviation), and the standard error of the mean (Std. Error of Mean) after 10 AP 
stimuli. Table E. contains the construct (Construct), number of samples (Number of Values), the 
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mean ∆F/F0 (%) response (Mean), the standard deviation (Std. Deviation), and the standard error 
of the mean (Std. Error of Mean) after 40 mM KCl Stimulus. 
 

 

2.2.6 eGCaMP+ and eGCaMP2+ Performance in vivo 

Based on our cultured primary rat cortical neuron screening, we chose to test the 

performance of both eGCaMP2+ and eGCaMP+ in vivo, compared to GCaMP6f. We injected each 

variant of Cre-dependent GCaMP virus in the medial prefrontal cortex (mPFC), and a retrograde 

Cre virus in the nucleus accumbens (NAc; Figure 2.14A). This labeled a relatively sparse 

population of mPFC to NAc projections neurons with the GCaMP sensor. An optical fiber was 

implanted above the mPFC to measure the GCaMP fluorescence signal in response to brief foot 

shocks, which has been previously shown to elicit responses in these neurons80. Histology images 

showed qualitatively similar GCaMP expression in mPFC cell bodies and axons in NAc across all 

groups of mice (Figure 2.14B). All three GCaMP variants exhibited a time-locked increase in 

fluorescence during the foot shock, followed by a slow decay in the sensor fluorescence (Figure 

2.14C). We calculated the mean response to the foot shock for each sensor and found that 

eGCaMP2+ exhibited a larger change in response compared to GCaMP6f and eGCaMP+ (Figure 

2.14D), similar our results in culture. We also calculated the mean sensor decay response 3 to 4 s 

after the foot shock (which is dependent on the off kinetics of the sensor; a faster sensor will return 

to baseline after the shock, while a slower sensor will still maintain a higher signal after the shock). 

We found that the eGCaMP+ decay response was smaller than that of eGCaMP2+, supporting our 

previous findings the eGCaMP+ has the fastest off kinetics among our sensors (Figure 2.14E). 
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Figure 2.14: In Vivo Performance of eGCaMP+ and eGCaMP2+ expressed in mPFC 
A. Experimental timeline. Mice were injected with an AAV-Cre dependent-GCaMP variant in the 

mPFC and an retroAAV-Syn-Cre was injected in NAc. An optic fiber was implanted above the 
mPFC to allow for light delivery and fluorescence recording. 

B. Representative fluorescence images of GCaMP expression in mPFC and NAc (stained with 
anti-GFP-Alexafluor488). Scale bar, 130 µm. 

C. Mean Z-scored fluorescence changes in response to a foot shock (n=4 total shock trials, 
collected from 2 mice for each GCaMP variant). 

D. Comparison of the mean shock response between the three GCaMP variants. Top: schematic of 
how the shock response was calculated (see methods). Bottom: Mean change in Z-scored 
fluorescence response to shock (n=4 total shock trials, collected from 2 mice for each GCaMP 
version). P-values were calculated using a One-way ANOVA followed by Tukey’s multiple 
comparisons in panels (D) and (E): *P&lt;0.05. All data show mean +/- SEM. 

E. Comparison of the mean decay to shock between the three GCaMP variants. Top: schematic of 
how the decay to shock was calculated (see methods). Bottom: Mean change in Z-scored 
fluorescence decay to shock (n=4 total shock trials, collected from 2 mice for each GCaMP 
version). P-values were calculated using a One-way ANOVA followed by Tukey’s multiple 
comparisons in panels (D) and (E): *P&lt;0.05. All data show mean +/- SEM. 
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2.3 DISCUSSION 

Incorporating machine learning into our engineering pipeline enabled us to efficiently 

identify new GCaMP variants with enhanced ∆F/F0 responses and decay kinetics. We achieved 

impressive predictive performance in the cross-validation phase by using an ensemble of three 

regressor models, encoding our dataset with amino acid characteristics, and focusing solely on 

sequence inputs for learning. These predictive capabilities translated to the in vitro space, where 

many in silico predicted characteristics accurately reflected the mutant’s true performance with an 

accuracy score of 0.66 (Figure 2.7B,E). As a result of these engineering efforts, we identified 

three new variants, eGCaMP, eGCaMP+, and eGCaMP2+.  

With the functional predictions gathered from the model, we were able to not only gather 

mutations that directed sensor engineering but also able to observe the learning and predictive 

patterns to better understand the protein function. For example, when we mapped the residues the 

ensemble predicted would be influential back onto the GCaMP crystal structure, we found that the 

highlighted residues were in structurally significant parts of the GCaMP protein and often faced 

inward toward one other (Figure 2.5). This phenomenon may indicate that the ensemble is learning 

which residue interactions are important for protein function and govern the given biophysical 

property. As such, these residue interactions constitute a promising basis for further mutational 

studies and may even be used to influence future mutation library generation.  

While the constructs presented here have not been previously described, clues from the 

literature may explain the impact of these mutations. For example, Residue L317 is known to be 

involved in extensive hydrophobic interactions between CaM and CBP76. Each mutation at L317 

that the ensemble proposed is capable of forming hydrogen bonds, which may destabilize the CaM 

and CBP interactions, accelerate kinetics, and alter ∆F/F0 responses. Within the known variant 
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library, the GCaMP variants that contained a 317E/H/K/N mutation had decreased ∆F/F0 capability 

compared to jGCaMP7s, an association in which the ensemble learned (Figure 2.8A). However, 

each previously characterized variant that contained a mutation at residue 317 also contained an 

Alanine at residue 52 (Figure 2.8B). When we tested the L317H variant in jGCaMP7f, which 

contains A52, we observed the loss of ∆F/F0 capabilities that the model predicted and mirrored 

previous findings from the Dana et al. 2019 study (Figure 2.8C). These interactions had a 

substantial effect on protein function and may constitute a promising target for further mutation 

library studies. 

 The impressive dynamic range of the Q305D mutation in eGCaMP2+ may result from 

intraprotein interactions within CaM. One possible explanation is that the decreased R-group 

length in the Q305D mutation requires a more substantial conformational change to form the 

hydrogen bond with residue Y380 (Figure 2.5E). The resulting conformational change may have 

downstream effects on both the cpGFP/CaM linker (Figure 2.10A) and on residue R381, which 

faces inward toward the chromophore (Figure 2.5E). Hence, the dramatic effects of this mutation 

on the ∆F/F0 suggest a collaborative role between the cpGFP/CaM linker and inward loop of CaM 

in stabilizing the phenol/phenolate transition of the chromophore81,82,83. 

We made several critical design decisions while forming this methodology, such as our 

encoding method, chosen models, ensemble, devotion to sequence-only inputs, and limitation to 

single point mutation exploration. Dataset encoding is a crucial step in model training as it 

determines the underlying patterns on which the generalizations are formed58. For this reason, we 

encoded the sequence with biophysical properties underlying the amino acids in each position to 

form meaningful learning patterns. We derived our AA property datasets from the online 

repository AAINDEX69; however, other similar online databases exist84. Encoding with the 
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property matrices improved the cross-validation R2 value by an average of 20% over one-hot 

encoded or label-encoded libraries (Figure 2.3C). Analysis of the top performing datasets within 

each model additionally provides insight into how the model was able to learn and served as a lens 

into the interprotein interactions. For instance, we found that AA property datasets that described 

hydrophobicity were commonly associated with higher-performing predictive capabilities in the 

∆F/F0 model (Figure 2.3B-D; Table 2.1), meaning that some of the modifications in protein 

behavior may be due in part to key hydrophobic interactions. In comparison, AA property datasets 

associated with protein folding and energetics were common amongst the higher-performing 

predictive capabilities in the kinetics model (Figure2.3B-D; Table 2.2).  

The reason we chose to include five property datasets in the final ensemble prediction was 

twofold. The first was that, during our training, we found that the top-performing datasets often 

achieved R2 values that were remarkably similar (Table 2.1&2.2; Figure 2.3). Given the marginal 

superiority of the top-performing dataset over its counterparts, a strategic choice was made to 

include additional matrices. The selection of five datasets was made semi-arbitrarily, as it afforded 

the desired additional insights without dramatically impacting computational demands, processing 

time, and storage requirements. The second reason we chose to include more was due to the type 

of ensemble we were performing. Within the stacked ensemble, each final ensemble prediction 

was determined through unweighted averaging. This method is not free from outlier corruption, 

meaning that if one model’s prediction is vastly different from the others, it will influence how 

that prediction is considered in the final ensemble predictions. The addition of more 

datasets/models enables some buffering to happen and for a large sample size to determine our 

ensemble's mean predictions.  
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Ensembling ML models (i.e., considering the input from multiple models) is preferable 

over single model predictions, as no singular model is perfectly optimized to perform all tasks85. 

We consider inputs from a random forest regressor (RFR), a K-neighbors regressor (KNR), and a 

multi-layer perceptron network regressor (MPNR). Decision tree learning methods, such as RFRs, 

are computationally efficient models well suited for small training libraries, such as the variant 

library, making them a strong foundation within our ensemble’s learning58. KNRs are 

computationally demanding but simple86, where KNR’s similarity metric can capture the degree 

of variability between the performances of nearly identical sequences. The similarity metric 

highlights residues whose mutation led to large differences in the targeted biophysical property. 

MPNRs are deep-learning models capable of extracting high-level features from the data, making 

them useful for identifying key residues or properties that lead to the observed biophysical 

response58. The three selected models have diverse learning strategies and make different 

assumptions about the data, which is important when ensembling. When the predictions from each 

model are ensembled, the cross-validation predictive accuracy matched or improved the sole 

contributor’s performance (Figure 2.3C). 

While structural insights guided the engineering of previously published GCaMPs, we 

developed the ensemble pipeline to be structure-agnostic. This design consideration was crucial, 

as we aim to engineer subsequent GEFIs using this pipeline without relying on molecular 

structures. Due to the exclusion of structure information, extrapolation outside of the observed 

sequence space may be difficult. This tool is best suited for data generalization and exploration 

within a sequence space with only minor variations from the training dataset, such as point 

mutations at tested residues. However, one could incorporate spatial information from crystal 

structures or structure prediction tools in the ensemble’s learning to aid extrapolation in the future. 
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One of the major hurdles of protein engineering is the susceptibility of proteins to 

experience epistasis, in which combinations of mutations non-additively influence the phenotypic 

characteristics of a protein87. Though the mutation library we worked with had >1000 well-

characterized variants, the large number of mutated residues renders the dimensionality incredibly 

large. For a library such as this, there are 1.18e+91 possible combinations of residues over 70 

mutated residue positions, meaning that the variant library is only a small sampling of the 

theoretical mutation space. We felt that the risk of epistasis upon combinatorial mutation was too 

great and that the relatively limited size of the library in comparison to its dimensionality rendered 

this application better suited to single-point mutation testing. Though investigation of a 

combinatorial library was not used in this study, others have shown promise using machine 

learning to engineer protein combinatorial libraries63. 

In previous studies, the authors employed a volume approach, in which they tested over a 

thousand variants iteratively and chose to fully characterize those determined to have optimal 

kinetic and maximal fluorescence capabilities. Because of the sheer number of experiments, they 

could split their variants into kinetic regimes and determine the best possible variant within each 

regime based on multiple biophysical properties80. The approach we employ here allowed much 

of the screening to occur in silico, which reduced the experimental burden while achieving similar 

outcomes. We trained and selected variants for downstream testing based on their predicted 

performance for one biophysical property: ∆F/F0 or off-kinetics. As a result, the selected variants 

display compensation within favorable biophysical characteristics, such as a lower baseline 

fluorescence, as it was never a criterion for their predictions (Figure 2.12). However, the lower 

baseline did not impact the performance of eGCaMPs in neuron cultures or in vivo fiber 

photometry (Figure 2.14). Hence, it would be an acceptable tradeoff in many use scenarios. 
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However, as a consideration for future studies, metrics for other favorable biophysical 

characteristics could be included in either ensemble training or variant analysis to preserve them 

within the final variants.  

The machine learning ensemble used in this study has demonstrated an impressive capacity 

to guide fluorescent biosensor engineering. The ensemble’s predictions helped identify variants 

with large ∆F/F0s and fast decay kinetics, while highlighting clusters of impactful residues for each 

biophysical property, which may be further exploited by mutation library-based high-throughput 

screening. These findings illustrate the ensemble’s ability to guide engineering efforts and improve 

experimental efficiency. Moreover, since our model’s learning is based solely on the sequence-

function relationship and all contributor model optimization is unbiased, the final ensemble 

platform can be broadly applied to any genotype-to-phenotype mutation library. Applying this ML 

platform to mutation studies of proteins with quantifiable output characteristics, including other 

protein sensors, has the potential to accelerate the engineering of these proteins. 

2.4 METHODS 

2.4.1 Data Preprocessing 

The Chen and Dana studies provide a functional characterization of >1000 GCaMP 

variants that span the GCaMP6 and jGCaMP7 iterations84. The experimental conditions from each 

study were standardized across experiments, allowing a direct comparison of the GCaMP 

mutation’s properties88. Each study normalized the results to base constructs for data such as the 

∆F/F0 response (Eq.1) to stimuli of 1 AP, 3 AP, 10 AP, 160 AP, and decay half-time after 10 AP. 

To cross-compare mutation libraries, we re-normalized the Chen et al. 2013 dataset such that 

GCaMP6s was 1.0 for all metrics. The authors linked the functional ability of each variant to a 

primary key identifier and the identities of the mutations within each variant. The list of mutations 
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was relative to either GCaMP3 or GCaMP6s for Chen et al. 2013 and Dana et al. 2019, 

respectively. To generate a dataset compatible with ML algorithms, we replaced the list of 

mutations with a Pandas DataFrame containing one column per residue. The resultant data 

structure comprised 453 columns: one column containing the primary key identifiers present in 

the parent datasets, 451 columns corresponding to the sequence of the GCaMP variant, and the 

final column containing each variant’s empirically derived performance. The mutations that 

occurred in each variant were reflected in their respective sequence positions within the 

DataFrame. Any duplicated variants that were present were isolated, and their responses were 

averaged before compiling them back into the variant library. This duplicate data consideration 

ensures that each variant only occurs once in the final variant library and ameliorates instances of 

data leakage between train and test data. 

∆𝐹/𝐹! 	= 	
(#	%#!)	

#!
∗ 100                                          (Eq.1) 

The resultant dataset is the basis for our dependent and independent variables used to train our ML 

algorithms. Within the variant library used for model training, the independent variable consists 

of the sequence of each mutation. The dependent variable is the ∆F/F0 response (1AP ∆F/F0) or 

kinetics capability (𝜏1/2).  However, because the sequence is a series of string-type values, the 

complexities of the identities of each amino cannot be understood by the algorithms. The 

sequences need to be encoded with quantitative values. Dataset encoding can be performed in 

several capacities: label encoding, one-hot encoding, or by adding functional information. Within 

our label encoding, we randomly assigned an integer value to each amino acid and replaced each 

residue label in the GCaMP sequence with the dummy label. For one-hot encoding, the full extent 

of possible residues at each position is considered in a Boolean manner (20 amino acids x 450 

residue positions). The start codon, methionine, is considered a one in column 1-M, where every 
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other 1-x contains a zero. Finally, to perform encoding with functional data, we developed a 

dictionary of amino acid properties by web scraping the AAINDEX database69,89. AAINDEX 

consists of matrices that each describe a different AA property (e.g., Size (Dawson, 1972), Polarity 

(Grantham, 1974), Hydrophobicity (Jones, 1975)). The general shape and composition of each one 

of the property datasets is a list of 20 float type values, in which the order is linked to the amino 

acid and the float type value is a quantitative value that is dependent on the property in question. 

We used the 554 complete property datasets to formulate an unbiased model training paradigm in 

two steps. To perform the encoding, we replace each amino acid in the sequence with the 

corresponding value from the property dataset, i.e., the float type value that exists for that amino 

acid’s position in the property dataset list. The final variant library used in model training consisted 

of the fully encoded GCaMP sequence and the variants empirically derived performance 

capability.  

2.4.2 Generation of the novel variant library: 

To generate a library of unknown sequences, we performed a single-point saturation of the 

jGCaMP7s sequence at 75 residue locations. These 75 residues correspond to the 75 residues that 

contain mutagenesis information in the variant library. The outcome was a novel point-saturation-

mutation library that contained 1500 sequences. To ensure each variant was a previously untested 

sequence, we removed variants that had sequences redundant to any that occurred in the variant 

library, including any redundancies with jGCaMP7s, such that the final point-saturation-mutation 

library contained 1423 variants. Specifically, 75 variants were redundant with the base jGCaMP7s 

sequence, and two variants (jGCaMP7s L317A and jGCaMP7s H78K) were redundant with 

previously characterized variants. The ∆F/F0 and kinetics ensembles generated predictions of the 
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functional capabilities of the 1423 novel variants in the novel library with jGCaMP7s included as 

a control. These final predictions serve as the basis for mutations considered for in vitro testing.  

2.4.3 Ensemble Training 

The learning capabilities of any model are limited when tasked to predict outcomes where 

the factors underlying response have innumerable contributing factors. Under this assumption, we 

trained and optimized three regressors that would each contribute to the mutation predictions we 

tested in vitro. Our goal was to ensemble these weak learners and focus our downstream efforts on 

mutually agreed upon mutations. The models that we developed were from the pip installable 

package Scikit Learn in Python 3.8.5 to develop a Random Forest Regressor (RFR), K-Neighbors 

Regressor (KNR), and a Multi-layer Perceptron Network Regressor (MPNR). The models were 

trained on the encoded sequence of each variant linked to their empirically derived performance 

capability. The performance capabilities correspond to their ∆F/F0 response to one AP or half 

decay time after 10 AP. The data was split into train/test sets at a ratio of 80:20 with a random seed 

of 42 for downstream optimization efforts. Due to the inherent complexity of the 451-residue 

feature space of the GCaMP sequence, we performed the ‘SelectKBest’ feature selection function 

found in Scikit Learn to rank the importance of each input feature before model training. This 

feature selection was critical to reduce the dimensionality of the data and, ultimately, decreasing 

the required runtime. Optimization of the model was done by grid-search hyperparameter tuning. 

We used the coefficient of determination (R2) and mean squared error (MSE) to track the fitting 

of each model. Additionally, we optimized each model using the key considerations that govern 

model performance, such as the number of neighbors in KNR and the number of estimators in 

RFR. Conditions that lead to the highest R2 of the test set predictions were compared between each 

AA property dataset used for encoding to individually optimize and associate predictive 
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capabilities with the underlying amino acid property. This process was repeated over each of the 

554 datasets for the three models (~1662x). Each model’s top five performing property datasets 

were advanced to generate predictions on the novel variant library. Each contributor model (5 AA 

property x 3 Regressor models) forms predictions independently, and the final predictions are the 

average response from each contributor model for each target attribute (∆F/F0 response 1AP ∆F/F0 

or kinetics capability 𝜏1/2). The predicted values returned by the ensemble are numeric values 

originating from a normalized library, making the predictions unitless. For example, smaller 

numeric values in the ∆F/F0 library would correspond to a predicted decreased ∆F/F0 response, 

and smaller numeric values in the kinetics library would correspond to a predicted faster decay 

speed. 

2.4.4 PCA Clustering 

Each feature within the data was first scaled using Sklearn’s StandardScaler. We passed 

the scaled data into Sklearn’s PCA function with no defined number of components. We chose the 

optimum number of components by finding where the explained variance of the PCA of the data 

passed 0.8. We reinitialized the PCA with the determined number of principal components and fit 

the function with the standardized data. We then used the principal component space coordinates 

to find the ideal number of clusters for K-Means clustering. We determined the ideal number of 

clusters by using the ‘elbow method’ on the Within Cluster Sum of Square.  After finding the 

clusters, we labeled each input to their K-means-defined cluster. 

2.4.5 Molecular Cloning 

Predicted mutations were reflected into the CMV-jGCaMP7s backbone (Addgene ID: 

104463) using point-mutation primers ordered from Integrated DNA Technologies (IDT) and PCR 

amplification with either Q5-polymerase (New England Biolabs; M0492L) or Superfi-II 
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polymerase (Invitrogen; 12368010). Amplification of the DNA fragment was verified with agarose 

gel electrophoresis. Blunt-end DNA circularization was achieved with Kinase, Ligase, and DpnI 

enzyme (KLD) treatment (New England Biolabs: E0554S). Circularized DNA was transformed 

into competent E.Coli cells (DH5ɑ or TOP10) and grown on agar plates that contain either 

ampicillin or kanamycin selection antibiotic (50 µg/mL). Upon colony formation, single colonies 

were picked and grown in 5mL cultures containing LB Broth (Fisher BioReagents; BP9723-2) and 

selection antibiotic (ampicillin/kanamycin; 50 µg/mL) overnight (37°C, 230 RPM). DNA was 

isolated using Machery Nagel DNA prep kits (Machery Nagel; 740490.250). Sanger sequencing 

(Genewiz; Seattle, WA) of the isolated plasmid DNA was used to confirm the presence of the 

intended mutation.  

Genes encoding the GCaMP variants were cloned into a CAG-driven backbone, pCAG-Archon1-

KGC-EGFP-ER2-WPRE (Addgene; #108423), using Gibson assembly (New England Biolabs; 

E2621L). All subsequences were verified with Sanger sequencing (Genewiz; Seattle, Wa).  

2.4.6 Acetylcholine Assays 

Human Embryonic Kidney (HEK293; ATCC Ref: CRL-1573) cells were cultured in 

Dulbecco’s Modified Eagle Medium + GlutaMAX (Gibco; 10569-010) supplemented with 10% 

fetal bovine serum (Biowest; S1620). When cultures reached 85% confluency, the cultures were 

seeded at 100,000 cells per well or 50,000 cells per well in 24-well and 48-well plates, respectively. 

24 hours after cell seeding, the cells were transfected using Lipofectamine3000 (Invitrogen; 

L3000015) at 1000 ng of DNA per well of a 24-well plate, according to the manufacturer’s 

instructions. 

48 hours post-transfection, the plates were prepared for imaging by washing and then 

replacing culturing media volume with imaging solution (Tyrode’s pH = 7.33; 125mM NaCl, 2mM 
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KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM Dextrose, 25 mM HEPES (triple supplemented with 1% 

Glutamax (Gibco; 35050-1), 1% Sodium Pyruvate (GIBCO; 11360-070), and 1% MEM Non-

Essential Amino Acids (Gibco; 11140-050)). Crystalline power Acetylcholine Chloride (Alfa 

Aesar; L02168.14) was resuspended into imaging solution (Tyrode’s pH = 7.33; 125mM NaCl, 

2mM KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM Dextrose, 25 mM HEPES) into 2x the desired final 

concentration. During imaging, 1:1 volumes of the acetylcholine-tyrodes imaging solution were 

hand-pipetted into the bath volume to bring the final acetylcholine concentration to the desired 

concentration. Imaging was performed on a sCMOS camera (Photometrics Prime95B) on an 

epifluorescent microscope (Leica DMI8) using a 20X objective (Leica HCX PL FLUOTAR L 

20x/0.40 NA CORR). A Lumencor Light Engine LED and Semrock Filters (Excitation: FF01-474-

27; Emission: FF01-520/35) were used for fluorescence imaging.  

2.4.7 Analysis of Fluorescent Assays 

Analysis of HEK293 cell fluorescence imaging data was done by FluorAREA, a custom 

cloud-based semi-automated time series fluorescence data analysis platform written in Python. 

First, the cell segmentation quality of the selected Cellpose90 model was manually verified. For 

the segmentation of cells expressing cytosolic fluorescent indicators, model ‘cyto’ was selected as 

our base model. If the selected Cellpose model was low-performing, we further trained the 

Cellpose model using the Cellpose 2.0 human-in-the-loop system91. Using an “optimized” 

segmentation model, fluorescence time-series data is extracted for each region of interest. This 

allows for unbiased extraction of change in cellular fluorescence information for a complete set of 

experimental samples. Using the raw fluorescence data, % fluorescence change from the baseline 

(∆F/F0) over time was calculated using Eq.1. The signal-to-noise ratio (SNR) was calculated using 

Eq.2. 



 

 

74 

University of Washington - Encrypt and Set Custom Permissions applied 

𝑆𝑁𝑅	 = 	 (#"#$%#!)
'()*+),+	+-./)(/0*	(#!)

                                    (Eq.2) 

The exponential decay constant (𝝀) was calculated using Eq.3, where F(t) is the change in 

fluorescence at a time (t) after the max fluorescence (F0) was achieved. Importantly, F0 was 

normalized to 1.0, such that F(t) depicts the change in fluorescence over time, t.  

𝐹(𝑡) 	= 	𝐹!𝑒%1(                                                       (Eq.3) 

The exponential time constant (𝛕) was isolated by using the known reciprocal relationship 

of 𝝀 and 𝛕 (Eq.4).  

𝜏	 = 	 2
1
                                                              (Eq.4) 

The dynamic range (DR) was defined as the ratio of the max fluorescence intensity to the 

baseline fluorescence intensity (Eq.5). All ∆F/F0, SNR, 𝛕, and DR values were quantified using a 

custom python script. 

𝐷𝑅	 = 	 #"#$
#!

                                                       (Eq.5) 

2.4.8 Optical Properties of Purified Proteins 

Proteins were purified by large-scale protein purification and SEC purification, as 

previously described31,92. Purified protein isolates were diluted to 10µM in 30 mM MOPS, 

100 mM KCl, pH 7.2 with either 10 mM CaEGTA (high Ca2+) or 10 mM EGTA buffers (low Ca2+) 

(Invitrogen; C3008MP). Protein absorbance spectra were recorded for each condition using a UV-

vis spectrophotometer (NanoDrop 2000/2000c Spectrophotometers; Thermo Scientific). 

Fluorescence emission and excitation spectra for each condition were measured with a spectrum-

capable plate reader (SpectraMax M5; Molecular Devices). 

For calcium titrations, GCaMP protein was first diluted (0.5 µM protein) in triplicate in 

high Ca2+ or low Ca2+ buffers. These two solutions were mixed in various ratios to give 11 different 
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free calcium concentrations (Invitrogen; C3008MP). GCaMP fluorescence (excitation 485 nm; 

emission 535 nm) was measured using a SpectraMax M5 (Molecular Devices). Calcium titration 

curves were fit (Prism; GraphPad) to sigmoidal binding functions, and the Hill coefficient and Kd 

for Ca2+ binding for the GCaMP variants were extracted.  

The absorbance under saturating conditions was measured using 2 µM protein diluted into high 

Ca2+ buffer at 500 nm (DU800 spectrophotometer; Beckman Coulter). The chromophore 

concentration was measured from the absorbance (447 nM) of protein denatured by 1 M NaOH 

(extinction coefficient 44,000 M−1 cm−1). The extinction coefficient was calculated using Beers' 

law, where the absorbance was at that of the saturated protein at 500 nm, and the concentration 

was extracted using the absorbance of the denatured protein. 

Quantum yield measurements were measured at 460 nm light using an integrating-sphere 

spectrometer (Hamamatsu) for 0.3 µM protein diluted in +Ca buffer. 

2.4.9 Isolation of Cortical Neurons 

Primary cortical neurons were prepared as previously described93,94. Briefly, 24-well tissue 

culture plates were coated with matrigel (mixed 1:20 in cold-PBS, Corning; 356231) solution and 

incubated at 4°C overnight prior to use. Sterile dissection tools were used to isolate cortical brain 

tissue from P0 rat pups (male and female). Tissue was minced until 1mm pieces remained, then 

lysed in equilibrated (37°C, 5% CO2) enzyme (20 U/mL Papain (Worthington Biochemical Corp; 

LK003176) in 5mL of EBSS (Sigma; E3024)) solution for 30 minutes at 37°C, 5% CO2 humidified 

incubator. Lysed cells were centrifuged at 200xg for 5 minutes at room temperature, and the 

supernatant was removed before cells were resuspended in 3 mLs of EBSS (Sigma; E3024). Cells 

were triturated 24x with a pulled Pasteur pipette in EBSS until homogenous. EBSS was added 

until the sample volume reached 10 mLs prior to spinning at 0.7 rcf for 5 minutes at room 
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temperature. Supernatant was removed, and enzymatic dissociation was stopped by resuspending 

cells in 5 mLs EBSS (Sigma; E3024) + final concentration of 10 mM HEPES Buffer (Fisher; 

BP299-100) + trypsin inhibitor soybean (1 mg/ml in EBSS at a final concentration of 0.2%; Sigma, 

T9253) + 60 µl of fetal bovine serum (Biowest; S1620) + 30 µl 100 U/mL DNase1 

(Sigma;11284932001). Cells were washed 2x by spinning at 0.7 rcf for 5 minutes at room 

temperature and removing supernatant + resuspending in 10 mLs of Neuronal Basal Media 

(Invitrogen; 10888022) supplemented with B27 (Invitrogen; 17504044) and glutamine 

(Invitrogen; 35050061) (NBA++). After final wash spin and supernatant removal, cells were 

resuspended in 10 mLs of NBA++ prior to counting. Just before neurons were plated, matrigel was 

aspirated from the wells. Neurons were plated on the prepared culture plates at desired seeding 

density. Twenty-four hours after plating, 1µM AraC (Sigma; C6645) was added to the NBA++ 

growth media to prevent the growth of glial cells. Plates were incubated at 37°C and 5% CO2 and 

maintained by exchanging half of the media volume for each well with fresh, warmed Neuronal 

Basal Media (Invitrogen; 10888022) supplemented with B27 (Invitrogen; 17504044) and 

glutamine (Invitrogen; 35050061) every three days.  

 

2.4.10 Calcium Phosphate Transfection of Primary Cortical Neurons 

Isolated primary cortical neurons were transfected using the calcium phosphate 

transfection kit from Sigma Aldrich (Sigma-Aldrich; CAPHOS-1KT). Half of the neuron media 

was changed 24 hours before transfection, saving the removed conditioned media to add to the 

neurons after transfection. Reagents were mixed in a ratio of 3 µl CaCl2: 24.5 µl H2O: 1000 ng 

DNA before being added dropwise to bubbled 2x HEPES Buffered Saline (30 µl). The final 

solution was vortexed for 4 seconds and left undisturbed for 20 minutes. The solution was added 
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dropwise to each well of neurons in a 24-well plate and shaken to distribute equally. Neurons were 

left to incubate for 1 hr at 370C with 5% CO2. The cells were rinsed twice with HBSS before 

adding the conditioned media removed from the day prior and mixed with half-fresh media.  

2.4.11 Electrical Field Stimulation 

On the day of imaging, ~24-36 hours post-transfection, cells were washed once with 

imaging solution and then transferred to E-Stim Tyrode’s (pH = 7.33; 150 mM NaCl, 4 mM KCl, 

3 mM CaCl2, 1 mM MgCl2, 10 mM Dextrose, 10 mM HEPES)79. A custom wire holding piece 

was designed to fit into 48-well plates with silver wires 10 mm apart. 100 mA pulses, with a 3 ms 

pulse width, were administered at either 0.5Hz or 10Hz frequency using a pulse generator (Warner 

Instruments; SIU-102B), triggered with Sutter Instruments Integrated Patch Amplifier with Patch 

Panel, time-locked using Igor Pro 8. Imaging was performed with a digital camera (Hamamatsu 

ORCA-Flash4.0; C11440) at 100ms exposure attached to an epifluorescent microscope (Leica DM 

IL). The light was generated using a SOLA Light Engine (Lumencor; SOLA SE 5-LCR-SB) with 

a 488 nm wavelength filter lens. Bulk fluorescence traces were acquired using FIJI imaging 

software with background subtraction (rolling = 50 stack) and hand-drawn ROIs. The baseline was 

defined as the first 50 measurements before the event trigger. Max ∆F/F0 and decay values were 

obtained using a custom Python script. Final traces were plotted in Prism9.  

2.4.12 Potassium Chloride Assays 

On the day of imaging, ~24-36 hours post-transfection, cells were washed once with 

imaging solution, then replaced with imaging solution (Tyrode’s pH = 7.33; 125mM NaCl, 2mM 

KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM Dextrose, 25 mM HEPES (triple supplemented with 1% 

Glutamax (Gibco; 35050-1), 1% Sodium Pyruvate (Gibco; 11360-070), and 1% MEM Non-

Essential Amino Acids (Gibco; 11140-050)). Powdered Potassium Chloride (Sigma; P9541-500G) 
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was diluted in ddH2O to a concentration of 2M. This solution was then diluted to 80mM in imaging 

solution (Tyrode’s pH = 7.33; 125mM NaCl, 2mM KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM 

Dextrose, 25 mM HEPES). During imaging, 1:1 volumes of KCl solution were hand-pipetted into 

the bath to bring the final KCl concentration to the desired concentration. Imaging was performed 

on a sCMOS camera (Photometrics Prime95B) on an epifluorescent microscope (Leica DMI8) 

using a 20X objective (Leica HCX PL FLUOTAR L 20x/0.40 NA CORR). A Lumencor Light 

Engine LED, and Semrock Filters (Excitation: FF01-474-27; Emission: FF01-520/35) were used 

for fluorescence imaging. Bulk fluorescence traces were acquired using FIJI imaging software 

with background subtraction (rolling = 50 stack) and hand-drawn ROIS. The baseline was defined 

as the first 30 measurements before KCl addition. Max ∆F/F0 values were obtained using a custom 

Python script. Final traces were plotted in Prism9. 

2.4.13 Animals 

6–7-week-old male and female C57BL/6J mice were obtained from Jackson Laboratories 

and maintained on a 12h reverse light-dark cycle (lights on at 9PM) at 22⁰C, group-housed with 

same-sex cage mates and given ad-lithium access to food and water. Mice were left undisturbed 

for 1-week following arrival before the start of testing. All experiments occurred in the dark cycle. 

All experiments were conducted in accordance with UC Davis’s Institutional Animal Care and 

Use Committee.  

2.4.14 Stereotaxic Surgery  

Mice were anesthetized under 1.5-2% isoflurane and placed in a stereotaxic apparatus 

(RWD) on a heat pad. Three different AAV cre-dependent GCaMP variants were tested: AAV5-

Syn-FLEX-GCaMP6f (Addgene #100834; final titer 1.1E+13 GC/ml vg/mL) AAV1-EF1a-DIO-

eGCaMP+ (Fred Hutch Virus Core; final titer 1.25E+12 IU/ml); or AAV1-EF1a-DIO-eGCaMP2+ 
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(Fred Hutch Virus Core; final titer 6.80E+11 IU/ml). 1µL of the AAV cre-dependent GCaMP 

variant was infused into the medial prefrontal cortex (mPFC; M/L: -0.35, A/P: 1.98, D/V: -2.25 

mm relative to bregma), and 500nL of retroAAV-Syn-Cre (Addgene #105553; final titer 9.50E+12 

GC/ml) was infused into the nucleus accumbens (NAc; M/L: -0.35, A/P: +1.25, D/V: -4.6 mm). 

Injections were performed at a rate of 150nL/min using a Hamilton syringe controlled by an 

injection pump (World Precision Instruments). The virus was allowed to diffuse for 5 mins before 

withdrawing the needle. Chronically implantable fibers (RWD; 400µm core, 0.37NA, 1.25mm 

ceramic ferrule) were implanted above the mPFC injection site (M/L: -0.35, A/P: 1.98, D/V: -1.5 

mm) to allow for blue light delivery and fluorescence signal recording. Recordings began 4 weeks 

after surgery to allow sufficient time for viral expression. 

2.4.15 Fiber photometry recording  

Fiber photometry recordings were performed using RWD’s Tricolor Multi Channel Fiber 

Photometry System. Briefly, 470nm and 410nm light pulses were alternately delivered through a 

400µm patchcord (0.57NA; Doric Lenses) connected to an optical fiber implanted above the PFC. 

Fluorescence was recorded with a cMOS sensor using RWD software at a frequency of 20Hz. The 

410nm trace was linearly scaled to the 470nm trace and subtracted for each recording. The 

corrected 470nm trace was then z-scored for further analysis. 

2.4.16 Shock delivery 

During the fiber photometry recording, mice were given a 2 s, 1.0-mA foot shock 2 times, 

separated by at least 60 seconds. Shocks were delivered using a behavior box with a built-in shock 

floor (Med Associates Inc.). The time of shock delivery was synchronized to the fiber photometry 

recording using TTL time stamps. 
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2.4.17 Fiber photometry analysis 

Data analysis was performed using MATLAB (Mathworks v 2020b). The 410nm trace was 

linearly scaled to the 470nm trace and subtracted for each recording. The corrected 470nm trace 

was then z-scored for further analysis. To calculate the mean shock response, the mean trace from 

t=1 to 2s after the shock onset was calculated, and then the mean baseline trace from t=-2 to 0s 

before the shock was subtracted from that. To calculate the mean decay after the shock, the mean 

trace from t=3 to 4s after the shock onset was calculated, and then the mean baseline trace from 

t=-2 to 0s before the shock was subtracted from that. 

2.4.18 Histology  

Mice were anesthetized under 5% isofluorane and perfused with 20mL cold phosphate-

buffered saline (PBS), followed by 20mL of cold 4% paraformaldehyde (PFA). Brains were 

extracted and post-fixed overnight in PFA before being transferred to PBS. Brains were sliced on 

a vibratome (Leica) to a thickness of 60µm. For immunostaining, brain slices were first washed in 

PBS with 0.3 % Triton-X then blocked for 60 min in PBS with 0.3% Triton-X and 5% normal 

donkey serum. Slices were stained overnight with anti-GFP-AlexaFluor488 antibody (1:1000 in 

blocking solution, Life Technologies cat#A-21311) at 4⁰C. Histology images were captured using 

a Keyence BZ-X180 fluorescence microscope, with an 80W halide lamp and PlanApo 10x 0.45 

NA air objective. GFP fluorescence was visualized using the commercially provided GFP set 

excitation/emission filters. Images were processed using ImageJ (Fiji). 
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Chapter 3. Machine Learning Directed Engineering of Red-Shifted 
Genetically Encoded Calcium Indicators 
 
ABSTRACT 

Genetically encoded calcium indicators (GECIs) are pivotal optogenetic sensing tools that 

enable the tracking of calcium transients, particularly action potentials, in freely moving animals. 

The extensively engineered family of GCaMP has revolutionized the field of optogenetics, though 

much of the utility is limited to blue-light activation wavelengths. The abundance of tools solely 

reliant on cpGFP limits multiplexing capabilities and necessitates a shift toward spectra outside 

blue light activation for GECIs and other GEFIs. This chapter explores methodologies for 

potentiating the development of red-shifted GECIs. Rational engineering of XCaMP-R, though 

promising, yielded inferior results compared to its machine learning counterparts. Machine 

learning-guided optimization of jRCaMP1b, based on mRuby3, identified mutations enhancing 

fluorescence responses and decay kinetics. Furthermore, the ML insights were used to facilitate 

the design of mutation libraries targeting specific biophysical properties. This study showcases a 

symbiotic relationship between machine learning algorithms and high-throughput screening, 

promising accelerated discovery and efficacy of optogenetic tool engineering. 
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3.1 INTRODUCTION 

 Genetically encoded calcium indicators (GECIs) are broadly adopted optogenetic sensing 

tools that provide insight into calcium transients and enable researchers to track action potentials 

within freely moving animals9,10,43. The family of GCaMP sensors, cpGFP-based GECIs, has seen 

several decades of engineering and improvements, and outstanding tools currently exist87. Their 

success overshadows the development of red-shifted GECIs. This phenomenon is partly due to the 

abundance of bright fluorescent proteins (FPs) available within the blue light activation and the 

diminished number at every other excitation wavelength (Figure 3.1A). While cpGFP will remain 

a prominent FP in sensor engineering, the abundance of tools that contain cpGFP makes co-

expression of multiple optogenetic tools an impossibility. For this reason, a critical need exists for 

GECIs and GEFIs that are shifted into spectra outside of the blue light activation.   

Previous studies have introduced red-shifted fluorophores into the GCaMP scaffold and 

produced functional sensors using the FPs mRuby and mApple (Figure 3.1B). However, the 

capabilities of these sensors are nowhere near their cpGFP-based counterparts9,10,43. Currently, 

there is a tradeoff within commonly used sensors. jRGECO1a is highly sensitive and fast but 

contains a photo artifact when stimulated with 488nm light (Figure 3.1C). In comparison, 

jRCaMP1b is stable at 488 nm light but has a diminished affinity for Ca2+ and a smaller dynamic 

range than jRGECO1a. To multiplex red-shifted GECIs with optogenetic actuators and other tools, 

we require a sensitive variant that displays large ∆F/F0s, a variant with faster decay kinetics, and 

we need these tools to have stable artifact-free fluorescent read-outs.     

We propose several methodologies to help potentiate the development of red-shifted 

GECIs. First and foremost, we attempted the rational engineering of XCaMP-R by transferring the 

promising mutations from our eGCaMP variants onto the XCaMP-R backbone, in an attempt to 
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improve the kinetics and ∆F/F0. We additionally utilized a library of published library of 

jRCaMP1b variants and performed machine learning-based optimization. Preliminarily, we have 

identified promising variants that improve the change in fluorescence and the speed of decay of 

jRCaMP1b. We further demonstrated that, with the predictions from the machine learning 

screening, we could identify key residues that play a role in interprotein interactions that determine 

sensor functionality. We used the model inferences as targets for mutation libraries that we tested 

using high-throughput opto-MASS screening40. From our high-throughput screening, we 

identified promising variants that display large ∆F/F0’s and fast decay kinetics. With the 

approaches we present, we can create a symbiotic relationship between machine learning 

algorithms and high-throughput screening that can dramatically improve the speed of discovery 

and efficacy of optogenetic tool engineering.  
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Figure 3.1 Currently Available Red-Shifted Calcium Indicators 
A. Scatter plot displays the currently available fluorophores plotted by their excitation wavelength 

by the FP’s brightness, information derived from FPBase95. 
B. Figure depicting the red-shifted fluorophores used in previously published red-calcium 

indicators jRGECO1a96, XCaMP-R9, and jRCaMP1b96.  
C. Plots depict the ∆F/F0 (%) of each indicated construct when exposed to 2 mW flashes of 488 

nm light (orange) or when no light stimulus is added (blue). Lines depict the mean; shading 
represents the 95% confidence interval. The applied stimulus is shown in gray.  

 

   

3.2 RESULTS 

3.2.1 Rational Engineering of XCaMP-R  

 As a canonical starting point, we decided to transfer the mutations from our high-

performing eGCaMP and eGCaMP2+ variants onto the XCaMP-R backbone9,41. We chose 

XCaMP-R as the basis for this engineering as it displayed reliable single-action potential responses 

in vivo and robust folding and expression9. The mutations within the eGCaMP variants lie on 
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conserved calmodulin and linker regions between eGCaMP, eGCaMP2+, and XCaMP-R (Figure 

3.2A,B). The first mutation, A323H that led to eGCaMP, when transferred to XCaMP-R, could 

not produce similar improvements in fluorescence response as we observed jGCaMP7s (Figure 

3.2B,C, Table 3.1). However, this XCaMP-R A323H did lead to a slightly improved speed of 

decay, though not a significant improvement (Figure 3.2D, Table 3.2). This observation is 

consistent with the prediction that mutations at this location would increase the decay speed of 

GCaMP7s10,86. The addition of the second mutation, Q311D did lead to a roughly 25% 

improvement in saturation ∆F/F0 (Figure 3.2B,C, Table 3.1). Within both variants, there was a 

diminished response at 5µM acetylcholine compared to XCaMP-R, which may be indicative of 

reduced sensitivities of these variants (Figure 3.2C, Table 3.1). When expressed in primary 

cortical neurons, we observed robust expression of all three constructs, as well as a robust response 

to 40mM KCl. However, there was not a significant improvement over the parental XCaMP-R 

(Figure 3E,F).  
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Figure 3.2 Rational Engineering of XCaMP-R Using Previous Identified Mutation Targets 
A. Sequence alignment of jGCaMP7s and XCaMP-R. Light gray indicates identical sequence 

alignment, and red indicates sequence dissimilarities. Breaks indicate a missing sequence 
portion caused by additional sequence portions in other constructs. The physical location of the 
residue L317 in jGCaMP7s is designated with the green box and the residue number of the 
matching location is included as green text over the sequence. Text along the top of the sequence 
depicts the physical location in the GCaMP protein: CBP, CaM, or circularly permuted 
fluorescent protein (cpFP).  

B. Alphafold Predicted Crystal structure of XCaMP-R (Red) with A323H and Q311D colored in 
black with sidechains visible.  

C. Max fluorescent responses (Eq.1) obtained from each variant indicated on the x-axis, expressed 
in HEK293 cells and stimulated with indicated concentration of acetylcholine (Bars depict mean 
+ SEM; **** = <0.0001 (unpaired t-test, two-tailed)).  
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D. Decay values (𝝉, tau, Eq.4) obtained from each variant indicated on the x-axis, expressed in 
HEK293 cells and stimulated with 10 µM acetylcholine (bars depict mean + SEM; ns = >0.05 
(unpaired t-test, two-tailed)).  

E. Representative images of maximal fluorescent response to 40 mM KCl stimulation variant 
indicated above image. Heat Mapping displays ∆F/F0 (%) achieved by each pixel. (Scale bar = 
50 µm). 

F. Maximum ∆F/F0 (%) achieved after stimulation with 40 mM KCl. (bars depict mean + SEM; 
ns = >0.05 (Unpaired t-test, Two-tailed)). 
 

 

 
Table 3.1 Descriptive Statistics of ∆F/F0 Responses of XCaMP-R Variants in Acetylcholine 
Assay 

 
 

 
Table 3.2 Descriptive Statistics of Decay Time of XCaMP-R Variants in Response to 10µM 
Aceylcholine 

 
 

 

Within the XCaMP-R engineering, we saw improvements that were far inferior to the 

responses we observed in GCaMP. There are many possible reasons for this outcome, including 

the rigidity of the FP, making mutations challenging to transfer between scaffolds9. In addition to 

poor improvement over the parental construct, we found that other red-shifted GECIs 

outperformed our XCaMP-R variants (Figure 3.3A). Additionally, XCaMP-R contains the FP m-

Variant
Acetylcholine (µM) 0.1 1 10 0.1 1 10 0.1 1 10
Number of values 337 123 265 169 127 154 218 78 138
Mean 8.497 77.39 126.3 9.366 45.08 124.8 5.218 59.06 150.9
Std. Deviation 11.26 83.47 67.68 39.61 63.44 59.43 9.361 74.68 61.66
Std. Error of Mean 0.6131 7.527 4.158 3.047 5.63 4.789 0.634 8.455 5.249

XCaMP-R XCaMP-R   A323H XCaMP-R  A323H Q311D
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Mean 64.1 52.59 76.89
Std. Deviation 85.22 63.73 69.06
Std. Error of Mean 5.235 5.135 5.879
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Mean 8.497 77.39 126.3 9.366 45.08 124.8 5.218 59.06 150.9
Std. Deviation 11.26 83.47 67.68 39.61 63.44 59.43 9.361 74.68 61.66
Std. Error of Mean 0.6131 7.527 4.158 3.047 5.63 4.789 0.634 8.455 5.249
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Mean 64.1 52.59 76.89
Std. Deviation 85.22 63.73 69.06
Std. Error of Mean 5.235 5.135 5.879
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Apple, which displays photoactivation under 488nm light (Figure 3.3B). Without significant 

improvement to photoactivation properties, this variant would remain useless for multiplexing use 

cases. For this reason, we chose to shift our engineering efforts towards different GECIs.   

 
Figure 3.3 Complications with Engineering XCaMP-R Variants.  
A. ∆F/F0 (%) recordings of each variant to 10 µM Acetylcholine stimuli applied after 15 seconds 

second (lines depict mean, shading depicts SEM). Stimulus applied at the dotted line. 
B.  ∆F/F0 (%) recordings of each variant to 500ms of 488 nm stimulus. Stimulus was applied every 

2.5 seconds (lines depict mean, shading depicts SEM). 
 

 

3.2.2 ML Guided Optimization of Biophysical Properties of jRCaMP1b 

 jRCaMP1b was an advantageous next target for engineering for several reasons. The first 

is that jRCaMP1b is based on the red-shifted FP, mRuby3, which does not display photoactivation 

to 488nm light, making it a reliable target for multiplexing71,72 (Figure 3.1C). Users of the tool 

tended to favor other mApple-based red-shifted tools due to greater dynamic responses and better 

Ca2+ affinities. Fortunately, jRCaMP1b was engineered using the same neuron culture screening 

approach as our GCaMP variants and similarly contained published variant libraries that contained 

>1000 variants10,88 (Figure 3.4A). These mutation locations were broadly distributed throughout 

the protein and included regions in the CaM, CBP, and cpFP (Figure 3.4B).  
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Figure 3.4 Ensemble Predictions on jRCaMP1b Variant Libraries 
A. Scatter plot depicts the 10AP ∆F/F0 and Decay half time after 10 AP for each of the 1067 

variants in the jRCaMP1b variant library92. Published variants are indicated with colored dots. 
B. Crystal structure of RCaMP1h (RCSB: 3U0K, gray) with mutated residues (red) in that exist in 

the variant library. These residues indicate the positions used to form the novel library.  
C. Cross-validation of the 1AP response ensemble. The scatter plot x-axis represents the true ∆F/F0 

value for each variant in the test set, and the y-axis represents the predictions made by the 
ensemble of the variants in the test set. The dotted line depicts perfect agreement between true 
values and predicted values. R2 value denotes the coefficient of determination of the scatter 
data. 

D. Cross-validation of the 10AP response ensemble. The scatter plot x-axis represents the true 
∆F/F0 value for each variant in the test set, and the y-axis represents the predictions made by 
the ensemble of the variants in the test set. The dotted line depicts perfect agreement between 
true values and predicted values. R2 value denotes the coefficient of determination of the scatter 
data. 

E. Cross-validation of the kinetic ensemble. The scatter plot’s x-axis represents the true 𝝉1/2 value 
contained for each variant in the test set, and the y-axis represents the predictions made by the 
ensemble of the variants in the test set. The dotted line depicts perfect agreement between true 
values and predicted values. R2 value denotes the coefficient of determination of the scatter 
data. 

F. Volcano plots depicting the ensemble's prediction for a given mutation change in fluorescent 
response to 1AP from jRCaM1b (x-axis) and the log10(P-value) of the given prediction. P-
values were calculated using an unpaired t-test on ensemble predictions (15 models) for 
jRCaMP1b and the given mutation. 

G. Volcano plots depicting the ensemble's prediction for a given mutation change in fluorescent 
response to 10AP from jRCaM1b (x-axis) and the log10(P-value) of the given prediction. P-
values were calculated using an unpaired t-test on ensemble predictions (15 models) for 
jRCaMP1b and the given mutation. 
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H. Volcano plots depicting the ensemble's prediction for a given mutation change in decay speed 
after 10AP from jRCaM1b (x-axis) and the log10(P-value) of the given prediction. P-values 
were calculated using an unpaired t-test on ensemble predictions (15 models) for jRCaMP1b 
and the given mutation. 

 

 

Using the machine learning algorithm ProteiML we developed and discussed in Chapter 2, 

we trained our models on the jRCaMP1b data. We used ProteiML to form predictions on a novel 

mutant library that contained 1484 variants. We trained five models corresponding to the following 

biophysical characteristics: 1AP ∆F/F0, 10AP ∆F/F0, 160AP ∆F/F0, Half Decay Time to 10AP, and 

Baseline Fluorescence. Within the cross-validation phase, each model obtained R2 as follows: 1AP 

ensemble (R2 = 0.48, Figure 3.4C), 10AP ensemble (R2 = 0.74, Figure3.4D), 160AP ensemble (R2 

=0.55), Decay ensemble (R2 =0.41, Figure3.4E), and Baseline fluorescence (R2 =0.23). We 

observed a broad distribution in our model's ability to predict, and we suspect that this is a result of 

the composition of the library. For instance, the authors actively targeted the fluorescent response, 

and we observed a broad distribution in fluorescence capabilities that correlates with a larger R2. 

The range of kinetic capabilities was much more limited, which correlates with a lower R2. 

Regardless, we were able to extract predicted locations within each ensemble that can be used for 

downstream in vitro testing (Figure 3.4F, G, H).    
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Figure 3.5 Acetylcholine Assay in HEK293 Cells to Validate Ensemble Red-Calcium 
Indicator Predictions 
A. Mutation predictions isolated from the ensemble are used as the basis for downstream variant 

analysis. Variants of interest are cloned into the jRCaMP1b backbone, then transfected into 
HEK293 cells using lipofectamine transfection. Forty-eight hours post-transfection, cells are 
time-course imaged using an epifluorescent microscope. Visual representations of the 
quantifications in B. are found on the representative response trace. Figure made using 
Biorender. 

B. The scatter plot depicts the average fluorescent responses (Eq.1) and percent decay after 5 
seconds (Eq.3) from each variant of jRCaMP1b expressed in HEK293 cells and stimulated 
with ten µM acetylcholine. Heat mapping indicates the baseline fluorescence intensity of the 
variant. Dashed lines depict the mean performance of the base construct, jRCaMP1b. 
Constructs with large ∆F/F0 and fast decays are indicated with lines and text labels. 

C. The image panel depicts the responses of parental (jRCaMP1b) and two high ∆F/F0 variants 
(T62Q and A309L) before (Baseline) and after (+10µM Acetylcholine) stimulus. ∆F/F0 of the 
image was calculated pixel-by-pixel, and the values of the heat mapping are indicated in the 
color bar beneath the image panel. The scale bar depicts 200 µm.  
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D. The time course depicts representative traces of the decay kinetics of the parental construct 
(jRCaMP1b), a slow variant (A351I), and a fast variant (I419W). The ∆F/F0 responses were 
normalized so that the maximum response was 100%. Each trace indicates a single cell.  

 
 

Mutations that were predicted to affect sensor responses were cloned into the parental 

jRCaMP1b, and the functionality of each variant was tested using a stimulus of acetylcholine, 

which activates calcium channels in the endoplasmic reticulum73,74 (Figure 3.5A). We tested 40 

variants predicted to alter the sensor’s biophysical characteristics and quantified each construct’s 

baseline fluorescence, max ∆F/F0, and percent decay within 5 seconds after max ∆F/F0 (Figure 

3.5, Table 3.3,3.4,3.5).  

We found multiple promising candidates for each biophysical property, including T62Q 

and A351I, which displayed a ~ 22% and ~17% increase, respectively, in ∆F/F0 as compared to 

the jRCaMP1b (Figure 3.5B,C; Table 3.3). We additionally observed variants that dramatically 

shift the speed of decay of jRCaMP1b. For example, the signals from variants G54I, I419W, and 

G54M decayed 3x faster than those of jRCaMP1b (Figure 3.5B,D; Table 3.5). These responses 

also match the predictions made by the kinetics ensemble. Conversely, signals from variants such 

as A351I, L298T, and W43D decayed nearly 2.8x times slower than jRCaMP1b (Figure 3.5B,D; 

Table 3.5). The predictions made for A351I and L298T matched what was observed in vitro; 

however, the observed response from W43D was the opposite of what was predicted by the model 

(Figure 3.4H). We additionally observe variants that display impressive baseline fluorescence, 

including A59N, which was the correct prediction from a baseline fluorescence model (data not 

shown, Table 3.4). Within this screen, we have found many promising variants for the biophysical 

properties we are hoping to target within our jRCaMP1b construct, including improved ∆F/F0 as 
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well as altered speeds of decay. However, we do not observe any variants that display both fast 

speeds of decay as well as improved dynamic ranges (Figure 3.5B).  

 

Table 3.3 Descriptive Statistics of the ∆F/F0 of Each jRCaMP1b Variant in the 
Acetylcholine Assay 

 
Table containing the information displayed in Figure 3.5. Table contains the construct (Variant), 
the mean response (Mean ∆F/F0 (%)), the 95% confidence interval (95% CI), and the number of 
samples (Sample Number)).  

 
 

 

Variant Mean ∆F/F (%) 95% Confidence Interval Sample Number
T62Q 147.66 ['140.79,154.36'] 185
A351I 142.06 ['134.07,150.09'] 236
A309L 135.87 ['127.45,144.34'] 180

jRCaMP1b 125.86 ['122.04,129.7'] 398
A52K 121.68 ['117.72,125.7'] 264
A59N 118.44 ['112.06,124.6'] 151
S310D 117.19 ['111.87,122.5'] 229
A351W 115.62 ['110.46,120.69'] 263
G368H 107.41 ['101.48,113.45'] 195
L298T 91.41 ['87.74,94.84'] 156
D318I 87.55 ['83.45,91.72'] 294
A309I 82.33 ['75.89,88.51'] 134
T299M 81.97 ['79.19,84.69'] 368
H48A 76.1 ['73.62,78.45'] 359
T299Y 70.52 ['65.67,75.24'] 235
D318F 69.36 ['60.49,78.03'] 89
Y112T 65.83 ['62.61,69.16'] 275
A59G 63.15 ['59.24,67.09'] 181
A52E 60.69 ['56.5,64.95'] 222
D318W 59.9 ['56.07,63.58'] 192
G368E 53.59 ['49.05,58.21'] 131
A309H 51.68 ['44.57,59.11'] 108
W43D 50.44 ['49.26,51.62'] 481
S58V 44.46 ['39.28,49.79'] 299
A309F 19.02 ['18.15,19.93'] 523
V329E 15.56 ['14.68,16.44'] 241
G368S 11.76 ['10.57,13.01'] 102
N60S 11.18 ['10.12,12.28'] 357
G54F 9.16 ['8.59,9.76'] 384
M64Q 9.09 ['8.1,10.08'] 246
D318A 8.05 ['7.34,8.79'] 129
Y112G 7.61 ['6.94,8.3'] 176
N60G 6.25 ['5.34,7.2'] 524
M326H 5.85 ['5.4,6.29'] 174
G54M 5.69 ['5.1,6.31'] 191
T299V 5.41 ['5.02,5.81'] 343
I419W 4.79 ['4.33,5.25'] 311
G54I 2.88 ['2.48,3.29'] 223
G368Q 2.27 ['1.93,2.63'] 133
M326I 1.72 ['1.63,1.82'] 256
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Table 3.4 Descriptive Statistics of the Baseline Fluorescence of Each jRCaMP1b Variant in 
the Acetylcholine Assay 

 
Table containing the information displayed in Figure 3.5. Table contains the construct (Variant), 
the mean response (Mean Baseline Fluorescence), the 95% confidence interval (95% CI), and the 
number of samples (Sample Number)).  

 
 

Variant Mean Baseline 95% Confidence Interval Sample Number
A59N 915.81 ['854.19,981.15'] 151
W43D 909.11 ['880.35,938.75'] 481
H48A 867.13 ['841.6,893.56'] 359
G54F 822.65 ['798.72,847.47'] 384
A59G 809.73 ['778.22,841.8'] 181
D318I 715.51 ['664.58,769.66'] 89
G54M 707.53 ['666.27,751.02'] 191
T62Q 690.09 ['659.87,721.83'] 185
G54I 682.87 ['655.85,710.35'] 223
A351W 679.02 ['647.98,710.86'] 263
L298T 666.45 ['638.9,695.48'] 156
Y112T 636.64 ['613.32,660.18'] 275

jRCaMP1b 628.16 ['608.92,647.62'] 398
A52E 582.35 ['557.98,607.98'] 222
A52K 578.03 ['558.43,598.23'] 264
S58V 571.03 ['552.77,590.78'] 299
A309L 555.47 ['523.91,587.25'] 180
A351I 549.55 ['523.83,575.75'] 236
S310D 537.51 ['510.58,565.36'] 229
V329E 532.34 ['514.19,551.08'] 241
G368H 525.29 ['500.99,550.94'] 195
G368E 521.17 ['483.54,561.59'] 131
I419W 500.4 ['487.88,513.33'] 311
D318W 465.13 ['451.24,479.42'] 294
T299Y 454.97 ['438.6,471.62'] 235
T299M 454.65 ['443.86,466.0'] 368
N60G 449.36 ['439.49,459.1'] 524
A309H 438.82 ['405.62,474.28'] 108
D318A 427.51 ['408.35,447.73'] 192
T299V 296.38 ['293.89,298.86'] 343
N60S 291.59 ['288.7,294.45'] 357
Y112G 289.32 ['285.56,293.18'] 176
A309I 286.64 ['277.93,295.47'] 134
M64Q 269.78 ['266.41,273.1'] 246
M326H 245.49 ['242.57,248.38'] 174
A309F 236.59 ['235.1,238.09'] 523
G368Q 228.25 ['225.11,231.58'] 133
M326I 228.1 ['226.56,229.65'] 256
D318F 212.78 ['211.23,214.34'] 129
G368S 211.45 ['209.83,213.14'] 102
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Table 3.5 Descriptive Statistics of the Decay Speeds of Each jRCaMP1b Variant in the 
Acetylcholine Assay  

 
Table containing the information displayed in Figure 3.5. Table contains the construct (Variant), 
the mean response (Mean Decay Within 5s (%)), the 95% confidence interval (95% CI), and the 
number of samples (Sample Number)).  
 
 

 

While the results from the acetylcholine assay provide insight into dynamic ranges and 

kinetic responses of the jRCaMP1b variants, we are unable to understand critical biophysical 

Variant Mean Decay Within 5 Seconds (%) 95% Confidence Interval Sample Number
M326I 33.2 ['31.14,35.25'] 133
G54I 29.56 ['27.88,31.33'] 154
G368Q 21.87 ['19.03,24.78'] 60
G54M 20.38 ['19.61,21.16'] 169
I419W 17.76 ['17.09,18.5'] 163
M64Q 15.47 ['14.69,16.28'] 162
M326H 12.21 ['11.15,13.37'] 120
Y112G 11.81 ['11.23,12.43'] 133
N60G 11.73 ['10.08,13.56'] 140
T299V 11.66 ['11.11,12.24'] 217
G54F 10.64 ['10.33,10.96'] 286
S58V 10.4 ['8.99,11.91'] 138
G368S 10.07 ['9.08,11.22'] 76
N60S 9.43 ['8.38,10.61'] 165
D318A 8.56 ['7.78,9.41'] 93
G368E 6.53 ['6.12,6.93'] 67
T62Q 5.41 ['5.22,5.59'] 115
A309F 4.8 ['4.67,4.93'] 348
A52K 4.72 ['4.61,4.82'] 163

jRCaMP1b 4.66 ['4.5,4.83'] 213
H48A 4.62 ['4.37,4.89'] 200
G368H 4.35 ['4.1,4.61'] 96
A52E 4.3 ['4.07,4.53'] 94
A309H 4.01 ['3.73,4.34'] 51
S310D 3.79 ['3.63,3.95'] 112
V329E 3.01 ['2.89,3.13'] 160
A309I 2.95 ['2.76,3.14'] 95
D318W 2.85 ['2.74,2.98'] 106
D318I 2.81 ['2.71,2.9'] 129
D318F 2.79 ['2.54,3.06'] 40
T299M 2.76 ['2.68,2.85'] 221
T299Y 2.56 ['2.41,2.73'] 113
A59N 2.36 ['2.24,2.48'] 80
A351W 2.23 ['2.09,2.36'] 99
Y112T 2.1 ['1.79,2.46'] 132
A59G 2.08 ['1.97,2.2'] 87
A309L 1.9 ['1.75,2.06'] 63
W43D 1.61 ['1.57,1.66'] 286
L298T 1.56 ['1.41,1.72'] 89
A351I 1.05 ['0.96,1.15'] 92
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properties such as sensitivity. Without this information, we cannot validate predictions made on 

the 1AP and 10AP ensembles within our HEK293 assay. To validate these predictions, we instead 

transfected these constructs into primary cortical neurons, where we employed a dual optogenetic 

approach to validate our variants. We multiplexed the light-gated ion channel, Channelrhodopsin93 

(ChR2), alongside our jRCaMP1b variants, such that brief pulses of 488 nm light would induce 

Ca2+ dependent changes in the fluorescence of our jRCaMP1b variants (Figure 3.6A,B). We added 

increasing light stimulus of 1 flash, 10 flashes, and 80 flashes to understand our variants' sensitivity 

before adding 40mM potassium chloride (KCl) to fully saturate the sensor (Figure 3.6B).   
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Figure 3.6 Validation of Ensemble Predictions Using Multiplexed Optogenetics in Primary 
Cortical Neurons 
A. The left image panel displays the co-expression of hChR2-YFP (yellow) and jRCaMP1b (Red) 

in primary cortical neurons. The right panel depicts the change in fluorescence (∆F/F0) of the 
neurons displayed in the left panel. Scale bar = 250 µm.  

B. The time course displays the stimulus paradigm of the primary cortical neurons. Briefly, five 
ms light pulses were administered at 5 seconds, 10 seconds, and 20 seconds at a rate of 10 Hz, 

W
43

D
H48

A
A52

K
G54

I
G54

F
A59

N
T62

Q
M64

Q
Y11

2T

Y11
2G
L2

98
G
L2

98
T

T29
9V

T29
9M
T29

9Y
A30

9I

A30
9H
A30

9L

A35
1W
A35

1I

G36
8H

G36
8E

G36
8S
I41

9W

jR
CaM

P1b
0

100

200

300

7
7 7

4
4

2
4

5 2 3
2

7
3 6

9
4

10
9 14

4
6

11∆F
/F

0 (
%

)

160AP Prediction
Increased ∆F/F0

Decreased ∆F/F0

N
o 

R
es

po
ns

es
N

o 
R

es
po

ns
es

N
o 

R
es

po
ns

es

0 10 20 30 40 50 60
Time (s)

0

100

200

300

400

∆F
/F

0 (
%

)

Variant
jRCaMP1b

1 
Fl

as
h 

10
 F

la
sh

es
 

80
 F

la
sh

es
 +40 mM KCl

250 µm 25
50
75
100
125
150
175
200

∆F/F0 (%)hChR2-eYFP
jRCaMP1b

W
43

D
H48

A
A52

K
G54

F
G54

I
A59

N
T62

Q
M64

Q
Y11

2T

Y11
2G
L2

98
T

L2
98

G
T29

9Y

T29
9M
T29

9V
A30

9L

A30
9H
A30

9I

D31
8F

D31
8W
A35

1I

A35
1W
G36

8S

G36
8E

G36
8H

G36
8Q
I41

9W

jR
CaM

P1b
0

200

400

600

20
18

19
13 10

20
26

6 26
27

39 26
15

18
20

42 35 7
23

8
32

44
43

18
43

15
12

47

∆F
/F

0 (
%

)
**

***
ns

B.

D.C.

F.

G. H.

E.

A.

W
43

D
H48

A
A52

K
G54

I
G54

F
A59

N
T62

Q
M64

Q
Y11

2T

Y11
2G
L2

98
G
L2

98
T

T29
9V

T29
9M
T29

9Y
A30

9I

A30
9H
A30

9L

A35
1W
A35

1I

G36
8H

G36
8E

G36
8S
I41

9W

jR
CaM

P1b
0

50

100

150

200

7 7 7 4 4
2 4 5
2 3

2

N
o 

R
es

po
ns

es
N

o 
R

es
po

ns
es

N
o 

R
es

po
ns

es

7
3

6
9 4

10
9

14 4
6

11

∆F
/F

0 (
%

)

*

*

****

1AP Prediction
Increased ∆F/F0

Decreased ∆F/F0

W43
D
H48

A
A52

K
A59

N
T62

Q
M64

Q
Y11

2T

Y11
2G
L2

98
G
L2

98
T

T29
9V

T29
9M
T29

9Y
A30

9I

A30
9H
A30

9L

A35
1W
A35

1I

G36
8H

G36
8E

G36
8S

jRCaM
P1b

0

20

40

60

80

100

7
7

7
4

4
2

4
5 2

14
9

7
3

6
15

18 27 24 14
4 29 11

%
 D

ec
ay

 w
ith

in
 2

 S
ec

on
ds

****

Kinetic Prediction
Increased Decay

Decreased Decay

0 2 4
0.0

0.5

1.0

Time (s)

N
or

m
al

iz
ed

 ∆
F/

F 0 (
%

)

A351W

jRCaMP1b

G368S

10 12 14
0.0

0.5

1.0

1.5

2.0

2.5

Time (s)

∆F
/F

0

A351W

jRCaMP1b

G368S

W
43

D
H48

A
A52

K
G54

I
G54

F
A59

N
T62

Q
M64

Q
Y11

2T

Y11
2G
L2

98
F

L2
98

G
L2

98
T

T29
9V

T29
9M
T29

9Y
A30

9I

A30
9H
A30

9L

A35
1W
A35

1I

G36
8H

G36
8E

G36
8S
I41

9W

jR
CaM

P1b
0

50

100

150

200

250

7
7 7 4

4
2

4
5

7
2 3

2
7

3
6

9
4

10 9 14
4

6

11

ΔF
/F

0 
(%

)

*
10AP Prediction

Increased ∆F/F0

Decreased ∆F/F0



 

 

98 

University of Washington - Encrypt and Set Custom Permissions applied 

where applicable. After 40 seconds, 40 mM KCl was added to fully saturate the sensor. Line 
depicts the mean responses, and shading depicts the SEM.  

C. The bar diagram demonstrates the average ∆F/F responses to one flash of 488 nm light, where 
the bar height corresponds to the average response, and the error bars depict the SEM. The text 
above each bar indicates the sample size and the stars indicate the significance. **** = 
P<0.0001, * = P<0.05. Colored bars demonstrate ensemble predictions, where the coloring is 
described within the legend. The dotted line indicates the average response from the parental 
construct jRCaMP1b.  

D. The bar diagram demonstrates the average ∆F/F0 responses to ten flashes of 488 nm light, 
where the bar height corresponds to the average response, and the error bars depict the SEM. 
The text above each bar indicates the sample size. Colored bars demonstrate ensemble 
predictions, where the coloring is described within the legend. The dotted line indicates the 
average response from the parental construct jRCaMP1b.  

E. The bar diagram demonstrates the average ∆F/F0 responses to eighty flashes of 488 nm light, 
where the bar height corresponds to the average response, and the error bars depict the SEM. 
The text above each bar indicates the sample size. Colored bars demonstrate ensemble 
predictions, where the coloring is described within the legend. The dotted line indicates the 
average response from the parental construct jRCaMP1b.  

F. The bar diagram demonstrates the average ∆F/F0 responses to 40 mM KCl, where the bar 
height corresponds to the average response, and the error bars depict the SEM. The text above 
each bar indicates the sample size and the stars indicate the significance. **** = P<0.0001, * 
= P<0.001. Colored bars demonstrate ensemble predictions, where the coloring is described 
within the legend. The dotted line indicates the average response from the parental construct 
jRCaMP1b.  

G. The bar diagram demonstrates the % decay of the ∆F/F0 after ten flash stimuli, where the bar 
height corresponds to the average response, and the error bars depict the SEM. The text above 
each bar indicates the sample size and the stars indicate the significance. **** = P<0.0001. 
Colored bars demonstrate ensemble predictions, where the coloring is described within the 
legend. The dotted line indicates the average response from the parental construct jRCaMP1b.  

H. The left time course demonstrates the ∆F/F0 response to 10 flash stimuli, and the right panel is 
the same data with the maximum responses normalized to a max of 1.0. The color of each line 
is indicative of the variant tested (found on the right side of the time courses). Line depicts the 
mean responses, and shading depicts the SEM. 

 

 

At one flash stimulus, we found that variants T299V, T299Y, and G368S displayed 10x 

larger average responses than those of jRCaMP1b (Figure 3.6C, Table 3.6). These results match 

the prediction from the 1AP model, whereas variants such as G54F, G54I, and I419W, predicted 

to decrease ∆F/F0, showed no responses to 1 flash stimulus. The variant W43D again displayed 

the opposite response to the model’s prediction, outperforming jRCaMP1b to 1AP stimulus. This 

mirrors what was observed in the HEK293 assay with the slow decay speeds of W43D but may 
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indicate an improvement in the sensitivity of this variant. At 10 and 80 flashes of 488 nm light, 

T299V, T299Y, and G368S continue to outperform jRCaMP1b (Figure 3.6D,E, Table 3.7), 

though to a lesser extent than what was observed at one flash stimulus. This phenomenon indicates 

a higher affinity for these variants to calcium, as we see that the overall dynamic range of these 

variants is comparable to, if not lower, than those of jRCaMP1b (Figure 3.6F). At the 80 flashes 

stimulus, we found that 11/14 variants responses matched the 160AP model predictions, including 

W43D, which is likely fully saturated at this stimulus, achieving lower ∆F/F0s than jRCaMP1b 

(Figure 3.6F, Table 3.8, Table 3.9).  

 

Table 3.6 Descriptive Statistics of ∆F/F0 Responses of jRCaMP1b Variants in Cultured 
Neurons to Single Flash Stimulus 

 
Table containing the information displayed in Figure 3.6. The table includes the construct 
(Variant), the mean response, the sample size, the mean response to 1 flash of 488 nm light, the 
standard deviation, and the standard error of the mean.  
 

 

Variant Sample Size Mean Standard Deviation SEM
T299V 2 102.3 24.04 17
T299Y 3 98.4 110.1 63.57
G368S 6 87.86 101.6 41.47
A351I 9 60.46 75.59 25.2
T299M 7 33.29 63.1 23.85
A351W 10 27.54 50.98 16.12
A59N 4 21.06 22.58 11.29
A52K 7 20.68 26.56 10.04
T62Q 4 20.14 35.93 17.96
A309H 9 18.12 18.3 6.101
W43D 7 17.34 11.88 4.491
H48A 7 17.1 16.28 6.155
G368H 14 15.86 15.31 4.091
Y112G 5 12.35 18.92 8.462
Y112T 4 11.67 12.41 6.205
M64Q 2 9.131 1.625 1.149
A309L 4 8.775 9.601 4.801

jRCaMP1b 11 8.683 11.97 3.609
A309I 6 7.539 7.024 2.868
G368E 4 7.161 6.62 3.31
L298G 2 5.437 1.708 1.208
L298T 3 5.314 2.464 1.423
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Table 3.7 Descriptive Statistics of ∆F/F0 Responses of jRCaMP1b Variants in Cultured 
Neurons to Ten Flash Stimulus 

 
Table containing the information displayed in Figure 3.6. The table includes the construct 
(Variant), the mean response, the sample size, the mean response to 10 flashes of 488 nm light, 
the standard deviation, and the standard error of the mean.  
 

 

Variant Sample Size Mean Standard Deviation SEM
T299Y 3 131.1 106.3 61.36
T299V 2 86.95 43.71 30.91
G368S 6 75.25 38.25 15.62
M64Q 2 66 0.8399 0.5939
L298F 7 65.58 46.3 17.5
A351I 9 61.86 43.17 14.39
A351W 10 60.95 51.95 16.43
G368H 14 58.98 36.54 9.767
T299M 7 56.33 58.26 22.02
A59N 4 52.68 39.18 19.59
A309H 9 52.62 37.86 12.62
H48A 7 50.93 32.31 12.21
A52K 7 49.26 31.86 12.04
Y112G 5 43.07 17.09 7.644
W43D 7 40.23 15.27 5.772
L298T 3 38.07 13.51 7.802
A309I 6 37.31 16.5 6.736
A309L 4 35.04 23.77 11.88

jRCaMP1b 11 34.58 46.03 13.88
L298G 2 32.92 21.77 15.39
T62Q 4 29.28 22.81 11.41
Y112T 4 19.82 12.01 6.004
G368E 4 17.4 9.102 4.551
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Table 3.8 Descriptive Statistics of ∆F/F0 Responses of jRCaMP1b Variants in Cultured 
Neurons to Eighty Flash Stimulus 

 
Table containing the information displayed in Figure 3.6. The table includes the construct 
(Variant), the mean response, the sample size, the mean response to 80 flashes of 488 nm light, 
the standard deviation, and the standard error of the mean.  
 

 

Variant Sample Size Mean Standard Deviation SEM
G368S 6 170.8 100.5 41.02
L298F 7 166 99.53 37.62
G368H 14 156.4 89.33 23.87
T299V 2 147.7 61.64 43.59
T299Y 3 144.3 89.3 51.56
A309I 6 142.3 112.2 45.81
A351I 9 139.9 127.6 42.53
A59N 4 137.7 49.76 24.88
A309L 4 128.3 98.07 49.03
T299M 7 126.4 95.82 36.22
A309H 9 123.2 85 28.33
A351W 10 117.5 64.18 20.3
A52K 7 108.2 53.83 20.34
L298G 2 107.4 10.66 7.536
Y112G 5 104.5 59.75 26.72
M64Q 2 104.4 26.83 18.97
H48A 7 98.23 57.61 21.78
L298T 3 93.05 19.52 11.27

jRCaMP1b 11 91.71 63.47 19.14
G368E 4 73.05 22.68 11.34
T62Q 4 67.72 26.91 13.45
W43D 7 59.56 25.39 9.598
Y112T 4 42.46 14.21 7.106
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Table 3.9 Descriptive Statistics of ∆F/F0 Responses of jRCaMP1b Variants in Cultured 
Neurons to 40 mM KCl 

 
Table containing the information displayed in Figure 3.6. The table includes the construct 
(Variant), the mean response, the sample size, the mean response to 40 mM KCl, the standard 
deviation, and the standard error of the mean.  
 

 

To quantify the decay kinetics of our variants, we normalized each signal such that the 

maximal response to 10 flashes is 1. We then calculated the difference between the maximum and 

that of the signal two seconds after the max to obtain the decay within two seconds. Using this 

metric, we found that many of the variants predicted to slow the decay of jRCaMP1b, such as 

A351I, A351W, and L298T, all decreased the speed of decay (Figure 3.6G, Table 3.10). 

Conversely, many of the constructs predicted to speed the rate of decay, such as G54I, G54F, and 

I419W, did not show any responses to 10 flash stimuli and, therefore, could not be included in this 

Variant Sample Size Mean Standard Deviation SEM
T62Q 26 492.5 139.7 27.4
G368H 43 463.5 69.97 10.67
A52K 19 458.9 147.4 33.82
G368S 43 454.3 120.2 18.33

jRCaMP1b 47 400.9 107.4 15.66
G368E 18 391.7 113.5 26.76
A309I 7 391.4 47.01 17.77
A309L 42 373.4 85.92 13.26
A309H 35 347.5 81.74 13.82
Y112G 27 336.6 117.1 22.54
A351W 44 317.6 91.56 13.8
A351I 32 316 166 29.34
T299M 18 294.2 77.5 18.27
A59N 20 268.9 81.28 18.17
D318F 23 257.1 32.79 6.838
T299V 20 234.2 66.93 14.97
T299Y 15 230.2 83.48 21.56
H48A 18 214.7 52.2 12.3
D318W 8 185.5 47.13 16.66
M64Q 6 171.6 20.57 8.396
L298T 39 153.3 36.92 5.912
L298G 26 146.4 35.32 6.927
Y112T 26 116 205.2 40.24
I419W 12 114.3 48.61 14.03
W43D 20 95.54 31.62 7.071
G54F 13 40.51 11.51 3.191
G54I 10 38.32 34.25 10.83
G368Q 15 11.24 2.945 0.7604
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analysis. Regardless, we still found two promising variants, M64Q and G368S, that demonstrate 

improved decay kinetics compared to jRCaMP1b, though not significantly faster (Figure 3.6G, 

Table 3.10). Of these two, G368S is maintains larger ∆F/F0 responses to 10 flash stimuli while 

maintaining similar decay kinetics to those of jRCaMP1b (Figure 3.6G,H, Table 3.10). 

From our cultured neuron screening, we were able to validate our ensemble predictions 

and outline multiple promising variants such as T299Y and T229V, which display significantly 

larger ∆F/F0s to 1 flash stimulus, A351I and A351W that display slow decay kinetics, and G368S, 

which has large ∆F/F0 responses to each stimulus while maintaining fast decay kinetics.  We 

additionally prove the multiplexing capability of these variants alongside blue light-activated 

Channelrhodopsins. Downstream, these variants will be further characterized both in vitro and in 

purified protein.  
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Table 3.10 Descriptive Statistics of Decay Speeds of jRCaMP1b Variants in Cultured 
Neurons 

 
Table containing the information displayed in Figure 3.6. The table includes the construct 
(Variant), the mean response, the sample size, the mean decay after two seconds to 10 flash stimuli, 
the standard deviation, and the standard error of the mean.  

 

 
3.2.3 The Effect of Combinatorial Mutagenesis on jRCaMP1b Performance 

During our eGCaMP engineering, we found that combining Q305D with L317H led to 

impressive capabilities that we dubbed our eGCaMP2+ variant. Toward this similar goal, we 

combined multiple mutations, both from positive results from our HEK293 cell screen and through 

some rational engineering, with insights from our eGCaMP study. We focused on residue locations 

such as A52, T62, Q297, A309, M345, A351, and G368. We chose the mutations A52V, A309H, 

and Q297D not only for their essential locations on the jRCaMP1b protein but also because these 

are homologous mutations for improvements to the GCaMP sensor (Figure 3.7A). A52V was one 

of the mutations that led to improved sensitivity of the jGCaMP7s construct95, and the A309H and 

Variant Sample Size Mean Standard Deviation SEM
M64Q 2 57.78 15.77 11.15
L298G 2 55.68 13.01 9.201
T62Q 4 55.16 9.322 4.661
Y112G 5 53.63 24.88 11.12
G368S 29 48.66 19.9 3.695

jRCaMP1b 11 42.85 16.23 4.892
A309I 6 41.86 29.01 11.84
A59N 4 41.58 21.57 10.79
T299M 7 40.81 24.72 9.343
G368E 4 38.27 18.53 9.263
D318W 5 37.33 26.63 11.91
H48A 7 35.45 17.87 6.754
T299Y 3 31.36 13.2 7.622
A52K 7 26.09 19.22 7.265
T299V 9 25.84 13.68 4.559
G368H 14 24.8 21.09 5.638
A309H 15 24.69 17.98 4.642
Y112T 4 21.47 13.54 6.772
A351I 24 21.37 18.01 3.675
W43D 7 21.19 11.04 4.174
L298T 14 19.04 20.28 5.421
D318F 23 18.76 11.87 2.476
A351W 27 16.78 15.53 2.989
A309L 18 14.72 18.72 4.413
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Q297D mutations are found on eGCaMP and eGCaMP2+97. We chose the mutation T62Q due to 

its large dynamic range in both our HEK293 assays as well as our primary cortical neuron assays 

(Figure 3.5, 3.6). We chose variants G368Q and A351W for their kinetic capabilities in the 

HEK293 assay (Figure 3.5). M345L was selected due to its impressive abilities that we found in 

our high throughput screening assays (Chapter 3.2.4).  

In our preliminary HEK293 screening assay, we found that T62Q A351W had an ∆F/F0 

increase of 194%, nearly doubling the response from jRCaMP1b, which achieved 85.9% increase 

(Figure 3.7B). A higher ∆F/F0 ability was also found within T62Q G368Q and T62Q M345L, 

which achieved 130% and 120% respectively (Figure 3.7B). Notably, the A52V mutation had 

little effect on the ∆F/F0 abilities of our variants, and we do not see an improvement in ∆F/F0 

within the A52V A309H Q297D variant that is the hallmark of eGCaMP2+. We also do not observe 

a decreased baseline fluorescence, which is common with our eGCaMP variants (Figure 3.7C). 

To that effect, each tested combinatorial variant displayed baseline fluorescence comparable to or 

greater than that of jRCaMP1b (Figure 3.7C). None of the combinatorial variants were able to 

achieve the speed of decay that exceeds that of jRCaMP1b, T62Q A351W mimics the speed of 

decay of the A351W solo mutation, which is significantly slower than that of jRCaMP1b (Figure 

3.7D). 
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Figure 3.7 Effects of Combinatorial Mutations on jRCaMP1b 
A. Crystal structure of RCaMP1h (RCSB: 3U0K, gray) with the residues targeted for 

combinatorial mutation highlighted (blue). The insets display the proximity between amino 
acids, and text labels indicate the residue number. 

B. The bar diagram demonstrates each variant’s average ∆F/F0 response to 10µM acetylcholine 
addition, where the bar height corresponds to the average response and the error bars depict the 
SEM. The scatter plots depict each of the analyzed cells. The dotted line indicates the average 
response from the parental construct jRCaMP1b. **** = P<0.0001.  

C. The bar diagram demonstrates each variant’s baseline fluorescence, where the bar height 
corresponds to the average baseline, and the error bars depict the SEM. The scatter plots depict 
each of the analyzed cells. The dotted line indicates the average response from the parental 
construct jRCaMP1b. **** = P<0.0001.  

D. The bar diagram demonstrates each variant’s average decay within 5 seconds after the 
maximum, where the bar height corresponds to the average decay, and the error bars depict the 
SEM. The scatter plots depict each of the analyzed cells. The dotted line indicates the average 
response from the parental construct jRCaMP1b. **** = P<0.0001.  

E.  
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We then transitioned these variants into primary cultured neurons. Similar to our solitary 

mutation screening, we underwent a multiplexing optogenetic approach, where we co-expressed 

each variant with ChR2 to drive action potentials within our cultures. The cells were exposed to 

the same stimulation protocol, including 5ms flashes of 488 nm light, administered at one flash, 

ten flashes (10 Hz), 80 flashes (10 Hz), and 40 mM KCl(Figure 3.8A). After single flash 

administration, we found that many of our combinatorial variants achieved ∆F/F0 responses greater 

than those of jRCaMP1b. This includes variants A52V A309H, A52V M345L, and T62Q G368Q, 

which achieved average responses of 74%, 34%, and 30%, respectively, compared to jRCaMP1b 

that achieved 8.6% (Figure 3.8B, Table 3.11). These responses were consistent at the 10-flash 

stimulus, where A52V A309H continued to display the greatest ∆F/F0 response, nearly 4x greater 

than that of jRCaMP1b (Figure 3.8C, Table 3.11). At the 80-flash and 40 mM KCl stimulus, the 

maximum responses were achieved by T62Q A351W (Figure 3.8D,E, Table 3.11, Table 3.12). 

We hypothesize that the dynamic range of the A52V A309H variant is not greater than that of 

jRCaMP1b, but that the sensitivity is greater, allowing the transition to occur at lower stimulus 

ranges. Conversely, T62Q A351W displays a large dyanamic range, but a similar activation profile 

to jRCaMP1b.  
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Figure 3.8 Effects of Combinatorial Mutations on jRCaMP1b 
A. The time course displays the stimulus paradigm of the primary cortical neurons. Briefly, five 

ms light pulses were administered at 5 seconds, 10 seconds, and 20 seconds at a rate of 10 Hz, 
where applicable. After 40 seconds, 40 mM KCl was added to fully saturate the sensor. Each 
line depicts the responses to a single cell, and the corresponding variant color key is located 
on the righthand side of the graph.   
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B. The scatter plot demonstrates the average ∆F/F0 responses to one flash of 488 nm light, where 
the bar indicates the mean and the error bars indicate the 95% confidence interval. Each dot in 
the scatter plot indicates a single cell’s response.  

C. The scatter plot demonstrates the average ∆F/F0 responses to 10 flashes of 488 nm light, where 
the bar indicates the mean and the error bars indicate the 95% confidence interval. Each dot in 
the scatter plot indicates a single cell’s response.  

D. The scatter plot demonstrates the average ∆F/F0 responses to eighty flashes of 488 nm light, 
where the bar indicates the mean and the error bars indicate the 95% confidence interval. Each 
dot in the scatter plot indicates a single cell’s response.  

E. The bar plot demonstrates the average ∆F/F0 responses to 40 mM KCl, where the bar height 
indicates the mean and the error bars indicate the SEM. Each dot indicates a single cell’s 
response. **** = P<0.0001. 

F. The bar plot demonstrates the average decay within 2 seconds after 10 flash stimuli, where the 
bar height indicates the mean and the error bars indicate the SEM. Each dot indicates a single 
cell’s response.  

 

 
In the decay calculations, none of the tested variants display decay profiles faster than 

jRCaMP1b. However, we do see that T62Q A351W and T62Q G368Q tended to have slower 

decay speeds than jRCaMP1b, which, paired with their improved ∆F/F0 at 1-flash and 10-flash 

stimulus, is consistent with the increased sensitivity of these variants (Figure 3.8F, Table 3.11). 

The results from the cultured neurons approximate the decay kinetics that we observed within our 

acetylcholine screen. Therefore, it is not surprising that none of these variants outperformed 

jRCaMP1b, though we do see that A52V A309H maintained similar decay kinetics while 

simultaneously achieving >4x ∆F/F0 responses to 1-flash and 10-flash stimulus (Figure 3.8B,C,F, 

Table 3.11). 

With these variants, A52V A309H should be verified for its sensitivity comparable to our 

T299 variants. Other promising variants that require further validation include T62Q A351W and 

T62Q G368Q, which display large dynamic ranges. We will perform in vivo testing and 

characterization in purified protein with these variants.  
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Table 3.11 Descriptive Statistics of ∆F/F0 Responses of jRCaMP1b Variants in Cultured 
Neurons 

 
Tables containing the information displayed in Figure 3.8. The table includes the construct 
(Variant), the sample size, the mean response to the indicated stimulus, the standard deviation, and 
the standard error of the mean. 
 

 
Table 3.12 Descriptive Statistics of KCL Responses of jRCaMP1b Variants in Cultured 
Neurons 

 
Tables containing the information displayed in Figure 3.8. The table includes the construct 
(Variant), the sample size, the mean response to the indicated stimulus, the standard deviation, and 
the standard error of the mean. 
 
 

 

Variant Sample Size Mean Std. Deviation
Std. Error of 

Mean Variant Sample Size Mean Std. Deviation
Std. Error of 

Mean
A52V A309H 2 74.42 22.32 15.78 A52V A309H 2 121.9 75 53.04
A52V A351W 5 8.079 5.118 2.289 A52V A351W 5 33.25 12.31 5.507

A52V A390L Q297D 3 6.792 9.217 5.321 A52V A390L Q297D 3 27.46 18.81 10.86
A52V G368Q 3 7.425 2.12 1.224 A52V G368Q 3 39.66 14.03 8.098
A52V M345L 3 34.77 29.57 17.07 A52V M345L 3 39.47 21.26 12.28
T62Q A309H 8 21.57 15.26 5.394 T62Q A309H 8 28.2 10.5 3.711
T62Q A351W 4 9.418 9.707 4.854 T62Q A351W 4 55.1 40.17 20.09
T62Q G368Q 9 30.03 52.47 17.49 T62Q G368Q 9 57.79 53.09 17.7
T62Q M345L 11 1.852 1.222 0.3684 T62Q M345L 11 23.38 10.15 3.059
jRCaMP1b 11 8.683 11.97 3.609 jRCaMP1b 11 34.58 46.03 13.88

Variant Sample Size Mean Std. Deviation
Std. Error of 

Mean Variant Sample Size Mean Std. Deviation
Std. Error of 

Mean
A52V A309H 2 51.59 47.88 33.85 A52V A309H 2 47.14 13.21 9.34
A52V A351W 5 123.1 40.77 18.23 A52V A351W 5 32.49 26.51 11.86

A52V A390L Q297D 3 53.13 10 5.776 A52V A390L Q297D 3 75.3 17.05 9.845
A52V G368Q 3 108.3 35.92 20.74 A52V G368Q 3 40.63 51.37 29.66
A52V M345L 3 111 83.34 48.12 A52V M345L 3 33.18 28.56 16.49
T62Q A309H 8 93.32 72.29 25.56 T62Q A309H 8 37.62 22.16 7.834
T62Q A351W 4 144.3 102 50.98 T62Q A351W 4 29.52 26.25 13.12
T62Q G368Q 9 101.4 80.64 26.88 T62Q G368Q 9 38.69 17.81 5.938
T62Q M345L 11 63.53 41.33 12.46 T62Q M345L 11 47.9 21.1 6.361
jRCaMP1b 11 91.71 63.47 19.14 jRCaMP1b 11 42.61 13.96 4.208

1 AP 10 AP

80 AP Decay

Variant Sample Size Mean Std. Deviation
Std. Error 

of Mean
A52V A309H 15 324.5 110.3 28.47
A52V A351W 18 351.3 63.19 14.89

A52V A390L Q297D 35 262.6 132.9 22.47
A52V G368Q 18 442.2 99.65 23.49
A52V M345L 7 477 35.32 13.35
T62Q A309H 18 351 86.08 20.29
T62Q A351W 22 457.4 67.85 14.47
T62Q G368Q 27 530.5 115.7 22.26
T62Q M345L 26 453.9 136.6 26.8
jRCaMP1b 47 400.9 107.4 15.66

KCl
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3.2.4 Ensemble Directed High-Throughput Screening of Mutation Libraries  

 Within our previous study, we observed that residues most commonly predicted by the 

model to be influential to sensor performance often displayed proximity when mapped back onto 

the crystal structure and in a biophysical property-dependent manner (Figure 2.5). We 

hypothesized that these locations indicate critical intraprotein interactions that govern the given 

biophysical characteristic and may serve as advantageous positions for further mutation library 

formation. The current study has observed the same trend of ensemble predictions displaying 

proximity when mapped back onto the crystal structure.  

 Using the predictions on the novel variant library from our trained ensembles, we isolated 

the top and bottom 2.5% of model predictions and counted the number of times each residue 

appeared. Using this metric, we can observe patterns in which the ensemble commonly predicts 

mutations at specific residues to be highly influential over the sensor’s functional ability (Figure 

3.9A). We observed patterns of residues that remain exclusive within a given biophysical 

characteristic (i.e., residues 351 and 357 in kinetics predictions) (Figure 3.9A). Interestingly, 

residue locations such as 43, 54, 60, 61, 112, and 298 were shared between 1AP and 10 AP 

predictions. This highlights residues such as 421, which is exclusively represented within the 1AP 

predictions and remarkably close to the calcium-sensing EF-hand domain, and indicates that his 

region is essential for the sensitivity of the variant (Figure 3.9A,B). Similarly, residues such as 43 

and 54 are shared between the 1AP, 10AP, and kinetics predictions, which may be indicative of 

the inverse correlation often observed between sensitivity and rate of decay96 (Figure 3.9A). 

 Similar to our previous observations, we found that many of these influential residue sites, 

when mapped back onto the protein’s crystal structure, displayed remarkable proximity in 3D 

space (Figure 3.9B,C,D). From these results, we have determined several mutation libraries to be 
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formed: a sensitivity library that saturates sites 112, 140, and 298 (Figure 3.9A,B), a brightness 

library that saturates sites 56, 62,  299, and 309 (Figure 3.9A,C), and a decay library with saturated 

sites at 93, 298, 351, and 367 (Figure 3.9A,D). Sites were determined not only on cloning 

feasibility (sites needed to be able to be Gibson assembled) but additionally on exclusive 

representation within the biophysical characteristic’s predictions.  

 
Figure 3.9 Structural Insights Derived from Ensemble Predictions 
A. Bubble plot depicting the number of times each residue (x-axis) was referenced within the top 

and bottom 2.5% of the ensemble’s predictions for each biophysical property (y-axis). Dashed 
boxes indicate sites chosen for mutation library formation.  

B. Crystal structure of RCaMP1h (RCSB: 3U0K, gray) with the influential residues from the 1AP 
predictions (red) highlighted. The inset is used to display the proximity between amino acids, 
and text labels indicate the residue number. 

C. Crystal structure of RCaMP1h (RCSB: 3U0K, gray) with the influential residues from the 
160AP predictions (yellow) highlighted. The inset is used to display the proximity between 
amino acids, and text labels indicate the residue number. 

D. Crystal structure of RCaMP1h (RCSB: 3U0K, gray) with the influential residues from the 
kinetics predictions (teal) highlighted. The inset is used to display the proximity between amino 
acids, and text labels indicate the residue number. 
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We leveraged these insights from our ensemble predictions to guide our high-throughput 

screening efforts. With the influential residues from each biophysical property, we synthesized 

mutation libraries using degenerate codon PCR and Gibson assembly cloning in a backbone 

compatible with the landing pad cell line (Figure 3.10A). The landing pad cell line contains a 

singular Tet-inducible Bxb1 recombination site that will irreversibly undergo one recombination 

event98. This enables us to express a library of genetically distinct variants within the same culture 

of HEK293T cells. Alongside our jRCaMP1b variants, we additionally recombined a calcium-

selective opsin called CapChR299(Figure 3.10B). By incorporating an opsin alongside our 

jRCaMP1b variants, we can optically introduce calcium into the cell nuancedly. This enables us 

to gather information such as the sensitivity of each variant during our high-throughput screening. 

Importantly, because HEK293T are not excitable cells, traditional opsins permeable to multiple 

cations would not produce a calcium signal to the same effect, which is why we opted for 

CapChR2.  
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Figure 3.10 Formation of a High-Throughput Screening Paradigm for jRCaMP1b 
A. The genetic cassette demonstrates what will be recombined into landing pad cells98 , and the 

steps below illustrate the mutagenesis steps that were performed to make genetic variant 
libraries.  

B. The diagram depicts the mechanism of action of CapChR299, a calcium-selective channel 
rhodopsin variant expressed alongside each jRCaMP1b variant. Briefly, pulses of 488 nm light 
induce calcium permeability across the membrane via CapChR2, which can be sensed by the 
expressed jRCaMP1b variant.  

C. Image displays PDMS microwell array in which recombined library cells are seeded for Opto-
MASS screening (figure adapted from Rappleye et al. 202340) 

D. ∆F/F0 responses of jRCaMP1b (isotype) recombined in landing-pad cells to 10 µM 
acetylcholine stimulus after seeding on PDMS microwell arrays. ∆F/F0 (%) heat-mapped values 
are indicated on the right-hand side of the image, and the scale bar = 250 µm.  

E. Time course displays the parental response of jRCaMP1b (isotype) recombined in landing-pad 
cells to both CapChR2 stimulus and ten µM acetylcholine. Dotted lines indicate added stimulus, 
where CapChR2 stimulus is in orange and acetylcholine stimulus is in lavender. (n indicates the 
number of cells analyzed) 
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We formed our mutation libraries as previously discussed at the chosen sites and verified 

their randomization using nanopore sequencing (Figure 3.11A-C). These plasmid libraries were 

then transfected into landing pad cells, where they underwent recombination and selection. With 

our libraries expressed in landing pad cells, we seed the cells into polydimethylsiloxane (PDMS) 

microwell arrays so each cell is physically separated and differential responses can be observed 

(Figure 3.10C,D). Within this configuration, we developed an imaging paradigm in which 

increasing pulse lengths of 488nm light are applied before a saturating amount of acetylcholine is 

added to the cells (Figure 3.10E). We observe a dose-dependent increase in fluorescence to each 

488 nm stimulus, indicating the sensitivity or level of activation to low doses of calcium influx. In 

contrast, the acetylcholine stimulus enables us to see the sensor's dynamic range and kinetics 

(Figure 3.10E). 
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Figure 3.11 Validation of the Randomization Achieved in Each Library 

A. Logo maps indicate the relative nucleotide frequency over mutagenesis regions 43, 54, 351, and 
367 chosen for the kinetics library.  

B. Logo maps indicate the relative nucleotide frequency over mutagenesis regions 56, 62, 299, and 
309 chosen for the brightness library (160AP).  

C. Logo maps indicate the relative nucleotide frequency over mutagenesis regions 112, 140, and 
298 chosen for the sensitivity library (1AP).  
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While screening our libraries, we observed a broad distribution of ∆F/F0 capabilities within 

each library (Figure 3.12A). These responses, however, were heavily biased toward reducing the 

sensor's capabilities compared to jRCaMP1b (Figure 3.12A). This demonstrates how rare 

beneficial mutations are within our sensor’s mutational space. Within these screens, we performed 

two screening paradigms, one in which we incorporated the use of the CapChR2 opsin and one in 

which we solely tested the acetylcholine stimulus (Figure 3.12B, C). We focused on the amplitude 

of ∆F/F0 response to CapChr2 stimulation, ∆F/F0 response to acetylcholine stimulation, and the 

decay speed after acetylcholine stimulation. We found many variants in both stimulus paradigms 

that display promising qualities, though we could not identify the genetic differences from every 

pick (Figure 3.12B,C). Variants B1 and S1 displayed large ∆F/F0s after acetylcholine stimulus 

(Figure 3.12B). Variants K1 and K2 displayed fast decay speeds after acetylcholine stimulus 

(Figure 3.12B). Confirming the known correlation between sensitivity and kinetics, pick K3 

shows the greatest increase after the blue light stimulus while displaying slow decay kinetics after 

the acetylcholine stimulus (Figure 3.12B). Similarly, within our acetylcholine screening 

paradigm, we observe that S2 (a sensitivity library pick) displays fast decay kinetics (Figure 

3.12C). Also, within the acetylcholine screening paradigm, we retrieved B2 and B3, which display 

large ∆F/F0 responses and slow decay kinetics (Figure 3.12C).  
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Figure 3.12 Opto-MASS Screen of Sensitivity, Kinetics, and Brightness jRCaMP1b 
Libraries 

A. The waterfall plot demonstrates the ranked ∆F/F0 responses observed within the color-mapped 
jRCaMP1b libraries. Each bar represents the response from one cell. 

B. The time course demonstrates cell responses that showed improvements for one of the three 
target qualities. Each gray line depicts the response from a cell pick in which the genetic identity 
could not be recovered. The colored lines depict recovered genetic identities alongside the 
parental response (black). Recovered picks are color-mapped and labeled depending on the 
origin library.  

C. The time course demonstrates cell responses that improved one of two target qualities. Each 
gray line depicts the response from a cell pick in which the genetic identity could not be 
recovered. The colored lines depict recovered genetic identities alongside the parental response 
(black). Recovered picks are color-mapped and labeled depending on the origin library.  

D. The genetic cassette demonstrates the recovered genetic identity of each mutated site within the 
labeled pick (left-hand side). White lettering indicates no mutation compared to jRCaMP1b, 
and green lettering indicates a mutated residue. Dotted lines indicate off-target mutations that 
were recovered alongside the mutation’s identity.  
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E. The genetic cassette demonstrates the recovered genetic identity of each mutated site within the 
labeled pick (left-hand side). White lettering indicates no mutation compared to jRCaMP1b, 
and green lettering indicates a mutated residue. Dotted lines indicate off-target mutations that 
were recovered alongside the mutation’s identity.  

F. The genetic cassette demonstrates the recovered genetic identity of each mutated site within the 
labeled pick (left-hand side). White lettering indicates no mutation compared to jRCaMP1b, 
and green lettering indicates a mutated residue.  

 

 

After retrieving these cells from the microwell array, we identified their genetic identities 

using rt-PCR (Figure 3.12D, E, F). Within the kinetics picks, K1 and K2, which displayed fast 

kinetics but low ∆F/F0 to CapChr2 stimulus, both maintained the genetic identity of A351, whereas 

the sensitive variant K3 harbored a mutation of A351V (Figure 3.12D). This recapitulates what 

we had observed previously in the single mutation screening in which mutations to A351V 

improved the 1AP ∆F/F0 responses of jRCaMP1b (Figure 3.6C, Table 3.6). Interestingly, K1 

picked up an off-target mutation of T299V in addition to an A367S mutation. This mutation had 

been tested previously and significantly improved the 1AP responses of jRCaMP1b. However, we 

currently do not understand the epistasis effects that may arise when combined with A367S. 

Notably, mutations to G368Q almost entirely reduced the sensor's functionality, and similar effects 

may occur here (Figure 3.6F, Table 3.6).  Within the brightness library picks, we find that all 

three picks maintained the identity of T62 and T299, and both B2 and B3 maintained the identity 

of L56 (Figure 3.12E). Pick B2, which harbors an A309L mutation, has already been previously 

tested in our single mutant testing. Within the acetylcholine screen, we observe a similar response 

in which, within HEK293 cells, A309L outperforms jRCaMP1b. However, this response was not 

maintained within primary cultured neurons (Figure 3.5, 3.6). Variant B3 maintained the parental 

identity at each of the four chosen mutation residues and instead incorporated an off-target 

mutation of M345L. M345 was previously an untested residue, though when mapped back onto 

the crystal structure, this residue lies at the critical location at the insertion site between CBP and 
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CaM. The mutation of methionine to a small aliphatic leucine possibly reduces steric hindrances 

and promotes more favorable interactions between the two domains. Within the sensitivity 

variants, we found that both picks maintained Y112 and V140 and focused mutations at L298 

(Figure 3.12F). Mutation L298S is particularly important, as it displayed significant ∆F/F0 

responses at the blue light stimulus and fast decay speeds after acetylcholine stimulus.  

 We moved forward with three of these variants to assess the responses of the picks within 

cultured neurons (Figure 3.13A). We found that M345L and L298F displayed large ∆F/F0 

responses to single-flash stimuli, which was maintained throughout both 10-flash and 80-flash 

stimuli, though they do not achieve greater dynamic ranges in response to KCl (Figure 3.13 B, C, 

D, E). We do observe the same decay kinetics within M345L and A309L that we had observed 

within the Opto-MASS screen, M345L behaved similarly to jRCaMP1b, and A309L reduced the 

speed of decay (Figure 3.13 F). The responses for L298F were not similar to those we observed 

in our screening. In particular, the decay kinetics of the L298F pick were fast; however, in cultured 

neurons, we observed a complete reduction in the decay speed (Figure 3.13 F). There may be 

several reasons for this. Firstly, an undiscovered off-target mutation within the S2 pick may not be 

reflected within the DNA used for neuron screening. Another possibility is that the L298F mutation 

was a contaminating DNA that arose during rt-PCR amplification. With these results, we still 

require further testing of these libraries to identify promising variants. However, we must improve 

the gene recovery process, as we missed a lot of information on promising variants, simply because 

we could not amplify their DNA during rt-PCR.  
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Figure 3.13 Opto-MASS Screen of Sensitivity, Kinetics, and Brightness jRCaMP1b 
Libraries 
A. The time course displays the stimulus paradigm of the primary cortical neurons. Briefly, five 

ms light pulses were administered at 5 seconds, 10 seconds, and 20 seconds at a rate of 10 
Hz, where applicable. After 40 seconds, 40 mM KCl was added to fully saturate the sensor. 
Each line depicts the responses to a single cell, and the corresponding variant color key is 
located on the righthand side of the graph.   
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B. The scatter plot demonstrates the average ∆F/F0 responses to one flash of 488 nm light, 
where the bar indicates the mean and the error bars indicate the 95% confidence interval. 
Each dot in the scatter plot indicates a single cell’s response. ** = P<0.001. 

C. The scatter plot demonstrates the average ∆F/F0 responses to 10 flashes of 488 nm light, 
where the bar indicates the mean and the error bars indicate the 95% confidence interval. 
Each dot in the scatter plot indicates a single cell’s response.  

D. The scatter plot demonstrates the average ∆F/F0 responses to eighty flashes of 488 nm light, 
where the bar indicates the mean and the error bars indicate the 95% confidence interval. 
Each dot in the scatter plot indicates a single cell’s response.  

E. The bar plot demonstrates the average ∆F/F0 responses to 40 mM KCl, where the bar height 
indicates the mean and the error bars indicate the SEM. Each dot indicates a single cell’s 
response.  

F. The bar plot demonstrates the average decay within 2 seconds after 10 flash stimuli, where 
the bar height indicates the mean and the error bars indicate the SEM. Each dot indicates a 
single cell’s response.  

 

 

 

3.3 DISCUSSION 

In this chapter, we further implement our machine learning pipeline onto a new protein of 

interest, jRCaMP1b. We demonstrated the ensemble’s efficiency in identifying variants that 

display improved sensitivities and differential kinetics to the parental jRCaMP1b. Within this 

version, we altered our models slightly to include a random forest regressor, a k-neighbors 

regressor, and a Gaussian process regressor. We chose to implement a Gaussian process regressor 

due to its proven capabilities in the engineering of enzymes61,100–103 and the algorithm’s ability to 

capture uncertainty within small datasets58. In our previous implementation, we observed that 

some contributing models would make predictions across a much wider range of values, which 

impacted the average predictions due to outliers. To circumvent these effects, we extended dataset 

scaling and feature selection to each model. With this ensemble configuration, we achieved R2 

values of 0.48, 0.74, and 0.41 for predictions made on the 1AP ∆F/F0, 10AP ∆F/F0, and 10AP 

decay, respectively (Figure 3.4 C,D,E). These R2 values were considerably lower than what we 

achieved with the GCaMP model, and we predict that this phenomenon is due to a limited range 

of responses recorded within the training dataset. For example, due to the previous engineering 
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being performed on two combined datasets, many predicted variants behaved poorly compared to 

the template jRCaMP1b, which may introduce unintentional bias. This iteration uses data from a 

single origin, and with this format of data, we observe a more significant variance between the 

model predictions and the actual empirical value. However, the model predicted compared to the 

true value follows a linear correlation, and the model’s predictions display impressive agreement 

with what was observed in vitro (Figure 3.5, Figure 3.6). As a result of these engineering efforts, 

we have identified many mutations, such as T299V, T299Y, T62Q, A351I, A351W, and G368S, 

that each alter the biophysical characteristics of jRCaMP1b.  

All four mutated residues occur in structurally significant portions of the jRCaMP1b 

protein, particularly on the interacting face between the sensing and fluorescent proteins. Residues 

T62, G368, and T299 occur on or near the linker residues. The linker residues translate the 

conformational changes of the sensing protein to the fluorescent reporter, and it has been shown 

that modifications in both composition and length can dramatically affect the sensor performance 

40,104,105. Residue 368 resides on one of the inner loops of the calmodulin and contains a Vander 

Waal overlap of >-0.04 Å with residues V349 and S58. V349 is directly adjacent to one of the EF-

hand domains, and S58 occurs in the linker region between the CBP and cp-mRuby. This optimal 

positioning between these two crucial protein components may lend G368 to assist in translating 

calcium binding to the formation of the Calmodulin/CBP complex. Residue A351 occurs directly 

within one of the EF-hand domains, which lends credence to why mutations at this residue 

dramatically affect the sensitivity of our sensor. For example, the tryptophan in the A351W may 

form favorable interactions with G361 to promote the binding and retention of calcium.  

We found that the ensemble’s predictions captured an incredible capacity for nuance. For 

example, residue A309, highlighted within the 10 AP and 160 AP predictions to improve ∆F/F0, 
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did not show improvements to 1 AP stimuli but did show improvements at the 10 AP and 80 AP 

stimuli. This residue is also homologous to the site L317 in GCaMP, which was mutated to 

improve the ∆F/F0 and decay kinetics. Interestingly, mutations to this residue were not predicted 

to affect the kinetics and did not display improvements to the decay speed achieved with eGCaMP. 

The ensemble’s predictions also detail a known phenomenon in which there is a tradeoff between 

sensitivity and decay kinetics96. We can observe this particularly clearly with mutations such as 

G54I, G54F, and I419W, which all displayed fast decay kinetics when screened in HEK293 cells 

and did not produce any fluorescence change to AP stimulus in cultured neurons. The ensemble 

predicted all three mutations to decrease ∆F/F0 and increase decay speeds. While not predicted as 

clearly, we observe the same trend with A351I and A351W, which achieved impressive responses 

to 1AP stimulus and had slow decay kinetics.  

In addition to the single mutations that we derived from the ensemble predictions, we were 

also able to analyze the interprotein interactions that govern each biophysical property by mapping 

the ensemble predictions back onto the protein’s structure. We found similar behavior to what we 

had observed previously, in which residues commonly mutated by the ensemble for each 

biophysical property showed distinctive proximity within 3D space. Capitalizing on this discovery, 

we chose to form mutation libraries at these clustered residues. We screened these mutation 

libraries in a high-throughput manner to discover the effects of combinatorial mutations that may 

have otherwise been too experimentally burdensome to investigate. Within this screening, we 

identified multiple mutations that display impressively fast kinetics and sensitivities. While the 

mutations we gathered still necessitate validation, the approach validates that ensemble predictions 

can be paired with high-throughput screening in a symbiotic manner.  
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 The direct benefit of these engineering efforts will be the development of red-shifted 

GECIs that are sensitive, fast, and lack a photo-activation artifact. Toward that goal, we have 

already identified several promising jRCaMP1b variants using our developed machine-learning 

pipeline. As a juxtaposition, we performed rational engineering on XCaMP-R using known 

beneficial mutations from eGCaMP.  These engineering efforts were primarily in vain and were 

far less successful than our machine learning-derived variants.  

In conclusion, by harnessing the insights gleaned from the ML pipeline, we have already 

made significant strides in identifying promising variants for red-shifted GECIs, surpassing the 

outcomes of traditional rational engineering approaches. This underscores the potential of ML-

driven engineering to accelerate the development of sensors with enhanced sensitivity and 

performance characteristics. Moving forward, continued refinement and optimization of our ML 

pipeline are vital to unlocking further advancements in this field, paving the way for rapid and 

efficient innovation in protein engineering. 

3.4 METHODS 

3.4.1 Data Preprocessing Before ProteiML Predictions 

The Dana study provided a functional characterization of >1000 RCaMP variants96. To 

generate a dataset compatible with ProteiML, we generated a Pandas Dataframe with the following 

structure: one column indicating the mutation primary identifier, 442 columns that correspond to 

each residue in the jRCaMP1b sequence, and the last column that contains empirically derived 

performance of the variant. Each row contains a unique variant with a unique primary key identifier 

and sequence.  

∆𝐹/𝐹! 	= 	
(#	%#!)	

#!
∗ 100                                          (Eq.1) 
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The resultant dataset is the basis for our dependent and independent variables needed to 

train ProteiML. We generated four datasets, the sequence data linked to each biophysical 

characteristic such as 1AP ∆F/F0, 10AP ∆F/F0, 160AP ∆F/F0, and kinetics capability (𝜏1/2).   

3.4.2 Molecular Cloning 

Predicted mutations were reflected into the pGP-CMV-NES-jRCaMP1b backbone 

(Addgene ID: 63136) using point-mutation primers ordered from Integrated DNA Technologies 

(IDT) and PCR amplification with either Q5-polymerase (New England Biolabs; M0492L) or 

Superfi-II polymerase (Invitrogen; 12368010). Amplification of the DNA fragment was verified 

with agarose gel electrophoresis. Blunt-end DNA circularization was achieved with Kinase, 

Ligase, and DpnI enzyme (KLD) treatment (New England Biolabs: E0554S). Circularized DNA 

was transformed into competent E.Coli cells (DH5ɑ or TOP10) and grown on agar plates that 

contain either ampicillin or kanamycin selection antibiotic (50 µg/mL). Upon colony formation, 

single colonies were picked and grown in 5mL cultures containing LB Broth (Fisher BioReagents; 

BP9723-2) and selection antibiotic (ampicillin/kanamycin; 50 µg/mL) overnight (37°C, 230 

RPM). DNA was isolated using Machery Nagel DNA prep kits (Machery Nagel; 740490.250). 

Sanger sequencing (Azenta; Seattle, WA) of the isolated plasmid DNA was used to confirm the 

presence of the intended mutation.  

Genes encoding the jRCaMP1b variants were cloned into a CAG-driven backbone, pCAG-

Archon1-KGC-EGFP-ER2-WPRE (Addgene; #108423), using Gibson assembly (New England 

Biolabs; E2621L). All subsequences were verified with Sanger sequencing (Genewiz; Seattle, 

Wa).  
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3.4.3 Acetylcholine Assays 

Human Embryonic Kidney (HEK293; ATCC Ref: CRL-1573) cells were cultured in 

Dulbecco’s Modified Eagle Medium + GlutaMAX (Gibco; 10569-010) supplemented with 10% 

fetal bovine serum (Biowest; S1620). When cultures reached 85% confluency, the cultures were 

seeded at 100,000 cells per well or 50,000 cells per well in 24-well and 48-well plates, respectively. 

24 hours after cell seeding, the cells were transfected using Lipofectamine3000 (Invitrogen; 

L3000015) at 1000 ng of DNA per well of a 24-well plate, according to the manufacturer’s 

instructions. 

48 hours post-transfection, the plates were prepared for imaging by washing and then 

replacing culturing media volume with imaging solution (Tyrode’s pH = 7.33; 125mM NaCl, 2mM 

KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM Dextrose, 25 mM HEPES (triple supplemented with 1% 

Glutamax (Gibco; 35050-1), 1% Sodium Pyruvate (GIBCO; 11360-070), and 1% MEM Non-

Essential Amino Acids (Gibco; 11140-050)). Crystalline power Acetylcholine Chloride (Alfa 

Aesar; L02168.14) was resuspended into imaging solution (Tyrode’s pH = 7.33; 125mM NaCl, 

2mM KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM Dextrose, 25 mM HEPES) into 2x the desired final 

concentration. During imaging, 1:1 volumes of the acetylcholine-tyrodes imaging solution were 

hand-pipetted into the bath volume to bring the final acetylcholine concentration to the desired 

concentration. Imaging was performed on a sCMOS camera (Photometrics Prime95B) on an 

epifluorescent microscope (Leica DMI8) using a 20X objective (Leica HCX PL FLUOTAR L 

20x/0.40 NA CORR). A Lumencor Light Engine LED and Semrock Filters were used for 

fluorescence imaging.  
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3.4.4 Analysis of Fluorescent Assays 

Analysis of HEK293 cell fluorescence imaging data was done using FUSE, a custom 

cloud-based semi-automated time series fluorescence data analysis platform written in Python. 

First, the cell segmentation quality of the selected Cellpose90 model was manually verified. For 

the segmentation of cells expressing cytosolic fluorescent indicators, model ‘cyto’ was selected as 

our base model. If the selected Cellpose model was low-performing, we further trained the 

Cellpose model using the Cellpose 2.0 human-in-the-loop system91. Using an “optimized” 

segmentation model, fluorescence time-series data is extracted for each region of interest. This 

allows for unbiased extraction of change in cellular fluorescence information for a complete set of 

experimental samples. Using the raw fluorescence data, % fluorescence change from the baseline 

(∆F/F0) over time was calculated using Eq.1.  

The rate of decay was approximated using Eq.3, where F(t) is the change in fluorescence 

at a time (t) after the max fluorescence (F0) was achieved. Importantly, F0 was normalized to 1.0, 

such that F(t) depicts the change in fluorescence over time, t.  

3.3.5 Isolation of Cortical Neurons 

Primary cortical neurons were prepared as previously described93,94. Briefly, 24-well tissue 

culture plates were coated with matrigel (mixed 1:20 in cold-PBS, Corning; 356231) solution and 

incubated at 4°C overnight prior to use. Sterile dissection tools were used to isolate cortical brain 

tissue from P0 rat pups (male and female). Tissue was minced until 1mm pieces remained, then 

lysed in equilibrated (37°C, 5% CO2) enzyme (20 U/mL Papain (Worthington Biochemical Corp; 

LK003176) in 5mL of EBSS (Sigma; E3024)) solution for 30 minutes at 37°C, 5% CO2 humidified 

incubator. Lysed cells were centrifuged at 200xg for 5 minutes at room temperature, and the 

supernatant was removed before cells were resuspended in 3 mLs of EBSS (Sigma; E3024). Cells 
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were triturated 24x with a pulled Pasteur pipette in EBSS until homogenous. EBSS was added 

until the sample volume reached 10 mLs prior to spinning at 0.7 rcf for 5 minutes at room 

temperature. Supernatant was removed, and enzymatic dissociation was stopped by resuspending 

cells in 5 mLs EBSS (Sigma; E3024) + final concentration of 10 mM HEPES Buffer (Fisher; 

BP299-100) + trypsin inhibitor soybean (1 mg/ml in EBSS at a final concentration of 0.2%; Sigma, 

T9253) + 60 µl of fetal bovine serum (Biowest; S1620) + 30 µl 100 U/mL DNase1 

(Sigma;11284932001). Cells were washed 2x by spinning at 0.7 rcf for 5 minutes at room 

temperature and removing supernatant + resuspending in 10 mLs of Neuronal Basal Media 

(Invitrogen; 10888022) supplemented with B27 (Invitrogen; 17504044) and glutamine 

(Invitrogen; 35050061) (NBA++). After final wash spin and supernatant removal, cells were 

resuspended in 10 mLs of NBA++ prior to counting. Just before neurons were plated, matrigel was 

aspirated from the wells. Neurons were plated on the prepared culture plates at desired seeding 

density. Twenty-four hours after plating, 1µM AraC (Sigma; C6645) was added to the NBA++ 

growth media to prevent the growth of glial cells. Plates were incubated at 37°C and 5% CO2 and 

maintained by exchanging half of the media volume for each well with fresh, warmed Neuronal 

Basal Media (Invitrogen; 10888022) supplemented with B27 (Invitrogen; 17504044) and 

glutamine (Invitrogen; 35050061) every three days.  

 

3.4.6 Calcium Phosphate Transfection of Primary Cortical Neurons 

Isolated primary cortical neurons were transfected using the calcium phosphate 

transfection kit from Sigma Aldrich (Sigma-Aldrich; CAPHOS-1KT). Half of the neuron media 

was changed 24 hours before transfection, saving the removed conditioned media to add to the 

neurons after transfection. Reagents were mixed in a ratio of 3 µl CaCl2: 24.5 µl H2O: 1000 ng 
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DNA before being added dropwise to bubbled 2x HEPES Buffered Saline (30 µl). The final 

solution was vortexed for 4 seconds and left undisturbed for 20 minutes. The solution was added 

dropwise to each well of neurons in a 24-well plate and shaken to distribute equally. Neurons were 

left to incubate for 1 hr at 370C with 5% CO2. The cells were rinsed twice with HBSS before 

adding the conditioned media removed from the day prior and mixed with half-fresh media.  

3.3.7 Cortical Neuron Stimulus Protocol 

The cultured neurons were transduced with pAAV-CaMKIIa-hChR2(H134R)-EYFP 

(Addgene; 26969-AAV1) three days post dissection and given 5 days to express. On the day of 

imaging, ~24-36 hours post-transfection, cells were washed once with imaging solution and then 

transferred to 1xTyrode’s (pH = 7.33; 125mM NaCl, 2mM KCl, 2 mM CaCl2, 2 mM MgCl2, 30 

mM Dextrose, 25 mM HEPES). Flashes of 488 nm light were triggered using Sutter Instruments 

Integrated Patch Amplifier with Patch Panel, time-locked using Igor Pro 8. Five millisecond light 

pulses were administered at 10 hz. Powdered Potassium Chloride (Sigma; P9541-500G) was 

diluted in ddH2O to a concentration of 2M. This solution was then diluted to 80mM in imaging 

solution (Tyrode’s pH = 7.33; 125mM NaCl, 2mM KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM 

Dextrose, 25 mM HEPES). During imaging, 1:1 volumes of KCl solution were hand-pipetted into 

the bath to bring the final KCl concentration to the desired concentration. Imaging was performed 

on a sCMOS camera (Photometrics Prime95B) on an epifluorescent microscope (Leica DMI8) 

using a 20X objective (Leica HCX PL FLUOTAR L 20x/0.40 NA CORR). A Lumencor Light 

Engine LED and Semrock Filters were used for fluorescence imaging. Bulk fluorescence traces 

were acquired using FIJI imaging software with background subtraction (rolling = 50 stack) and 

hand-drawn ROIS. The baseline was defined as the first 15 measurements before light addition. 

Max ∆F/F0 values were obtained using a custom Python script.  
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3.4.8 Generation of Randomized Variant Libraries 

 Randomized mutation libraries were generated using Gibson assembly cloning. Inserts and 

backbones were amplified using PCR (Superfi-II polymerase (Invitrogen; 12368010)). 

Amplification of the DNA fragments was verified with agarose gel electrophoresis, and 

circularization was achieved using Gibson assembly (New England Biolabs; E2621L). The 

assembly was purified using the Machery Nagel PCR cleanup kit (Macher Nagel; 740611.250) 

before being transformed into 33 μL of electrocompetent cells (NEB cat no. C3020K) (2000 V, τ 

= 5 ms) in ice-cold cuvettes (1 mm gap) with one μL of the elution. The electroporated cells were 

rescued in 967 µl of SOC for 1 hour at 37 °C. The rescue media was added to 100 mL of Luria 

Broth (LB) with supplemented with ampicillin and grown overnight at 37 °C and 240 rpm. Library 

DNA was isolated using the Machery–Nagel NucleoBond Xtra Midi EF kit (Machery Nagel; 

740420.50). The mutagenesis of the library was verified using nano-pore sequencing 

(Plasmidsaurus).  

3.3.9 Landing Pad Transfections 

HEK293T landing pad cells that contain a recombination cassette, developed by the fowler 

lab, were stably recombined with the library prep using a double transfection protocol. The landing 

pad cells were standard cultured in 1–2 μg/mL doxycycline. One day before transfection, the 

landing pad cells were removed from doxycycline. On the day of transfection, the landing pad 

cells were seeded at 250,000 cells per well into 6-well dishes. The Fugene transfection reagents 

(per well) were prepared as followed: 3 μg of plasmid DNA encoding pCAG-Bxb1 recombinase; 

6 μL of Fugene6 (Promega cat. # E2693); 300 μL of Opti-MEM. The reagents were left to complex 

undisturbed for 15 min and then added to the cell suspension. After 24 hours, the fugene 

transfection is repeated with the addition of the library plasmid in place of the pCAG-Bxb1 
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recombinase DNA. The transfected cells were transitioned to 4 μg/mL doxycycline media after 24 

hours and 4 μg/mL doxycycline + 1 μg/mL doxycycline media after 48 hours.  

3.4.10 Polydimethylsiloxane Microwell Array Formation and Seeding 

The microwell arrays were fabricated, as discussed previously40. Briefly, an etched silicon 

wafer acts as a negative mold for the PDMS (Sylgard 184, Corning). The PDMS was formulated 

by mixing an equal ratio of 10:1 (w/w) and vigorously mixing. This mixture was poured onto the 

negative mold and placed into a desiccator for 10 minutes to remove air bubbles. The PDMS-

containing wafer was then placed into a 70°C incubator overnight to cure. The cured PDMS was 

removed from the mold and plasma treated before being stamped with bovine serum albumin 

(BSA) (FischerSci; Cat #BP1600). The PDMS arrays were then cut to size using a scalpel and 

placed into a 24-well dish.  

3.4.11 Cell Seeding Onto Microwell Arrays 

With the PDMS arrays placed in 24-well dishes, the entire plate was plasma-treated before 

quickly adding standard growth media to each well. The plate with media in the wells was then 

placed under vacuum to remove microbubbles from inside the wells. The landing pad cells were 

then removed from their standard growth dishes using 0.05% Trypsin-EDTA and before being 

counted. The cell suspension was normalized to a concentration of 500,000 cells per mL. 40 µL of 

this cell suspension was then carefully pipetted above each microwell array. The cells were 

returned to the incubator for 10 min to allow for the cells to seed into the cells through gravity. 

After 10 min, the 24-well plates were then placed in a centrifuge and spun down at 100 RCF for 5 

min, to further seed the cells deeper within the wells. The media within each well was changed to 

remove any cells that did not occupy the microwells and to replace the array cells with doxycycline 

media.  
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3.4.12 Reverse Transcription PCR 

Reverse transcription PCR was performed as discussed previously, and the current section 

contains excerpts from the manuscript40. Single-cell recovery tubes were prepared by diluting 5 

μL of 0.1 M DTT into 200 μL of TE buffer; 5 μL of the TE/DTT solution was added to each PCR 

tube. After library screening, the single cell recovery tubes containing 5 µL 0.1 M DTT/ TE and 

the library pick were removed from the dry ice and placed on wet ice. Each tube was processed 

with reagents from the SuperScript IV First-Strand synthesis kit (Invitrogen cat. # 18091050). To 

each tube, 0.5 μL of 0.1 M DTT and 0.5 μL of RNase inhibitor were added. The samples were 

placed on dry ice for 5 min and then moved back to wet ice. Next, 0.5 μL of the following was 

added to each tube, DI H20, a 10 mM dNTP mix, and 2 μM primer. 

Next, the primers were annealed to the mRNA by incubating the samples at 95 °C for 30 

s, 4 °C for 1 min, and 65 °C for 5 min. The samples were then returned to the wet ice. Next, 2 μL 

of SSIV RT 5× Master Mix was added to each sample. The samples were pipetted up and down 

thoroughly. Finally, 0.5 μL of the SSIV RT Enzyme was added to each tube, and the samples were 

thoroughly pipetted up and down. To perform the reverse transcriptase reaction, the samples were 

incubated at 53 °C for 10 min and then at 80 °C for 10 min. Next, 0.5 μL of RNaseH was added 

to each tube, and the samples were incubated for 20 min at 37 °C to remove any mRNA from the 

cDNA. Samples were stored at −20 °C before PCR amplification of cDNA with Q5 (New England 

Biolabs) or SuperFiII (ThermoFischer) using recombination-specific primers.  
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Chapter 4. Optimization and Exploration of High-Throughput 
Screening Using the Red-Shifted Dopamine Indicator, GRABrDA2m 

 

ABSTRACT 

 The current glaring limitation of the machine learning engineering approach is the 

necessity of large mutational datasets for model training. The curation of such datasets can lead to 

very long lead times and financial burdens on the engineering lab. In an effort to form mutation 

datasets within the Berndt lab, we investigated two approaches for mutant testing. The first is 

through implementing the Berndt lab-developed Optogenetic Microwell Array Screening System 

(Opto-MASS)40. Opto-MASS dramatically increases the throughput of variant screening; 

however, we encountered challenges in accurately recovering the genetic identities of the 

promising variants. This chapter discusses the limitations of the current pipeline and presents 

efforts to optimize the cell recovery method. The second approach addresses the challenge of 

combinatorial mutations, which often lead to misfolded proteins or non-functional sensors. To 

reduce the resources spent screening non-viable mutants, we investigated Fluorescence-Activated 

Cell Sorting (FACS) as a tool to enrich variant libraries with viable mutations. As a target for this 

engineering, I have aimed to optimize GRABrDA2m105, a genetically encoded red-shifted dopamine 

indicator. The outcome of the effort expended in this chapter is not only an engineered  GRABrDA2m 

sensor but a more productive identification of mutant identities. 
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4.1 INTRODUCTION 

 While we, among others, have demonstrated the capabilities of machine learning in protein 

engineering, the scope and scalability of this approach heavily depend on the availability of 

mutational libraries8,58,59,61,62,97. The form and function of every protein are unique. Therefore, 

mutation libraries would need to be curated for each protein that requires functional engineering. 

The generation of these mutational libraries is hugely time- and labor-intensive. For example, the 

curation of the datasets used in Chapters 2 and 3 extended over six years. During this time, each 

of the more than 2,000 mutants tested was selected based on structural insights, cloned into the 

chosen construct, packaged into viruses, and tested on primary hippocampal neurons7,10,33. In 

comparison, the training and engineering of sensors based on these libraries was highly efficient, 

highlighting the immense need to expedite the formation of these mutation libraries. 

 Within the Berndt lab, we are uniquely equipped to generate large mutation libraries using 

our optogenetic microwell array screening system, Opto-MASS40. Within this platform, we clone 

a mutation library and stably transfect the mutants into HEK293 landing pad cells98. These cells 

are seeded onto PDMS microwell arrays and screened for functional abilities. Variants that exhibit 

improved capabilities compared to the parental construct are isolated from the arrays using glass 

micropipettes, and the identity of each variant is recovered via RT-PCR. Using this platform, we 

have successfully improved the dopamine sensor dLight1.1 and opioid sensor mLight35. However, 

we have encountered issues with a low recovery rate of the genes of interest. We hypothesized that 

this can be attributed to the method of cell recovery from the PDMS microwell array. We are 

investigating the optimization of the glass micropipette used for picking, as well as modifying the 

sequencing method used on the amplified DNA. 
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 We also found that in our opto-MASS screening, most of the tested mutants were non-

functional. This is due to epistasis within our mutation library, where the impact of combinatorial 

mutations can non-linearly affect the folding and functionality of our sensors87. As a result, most 

mutants tested in our Opto-MASS screening show no effect or a worsening of sensor capabilities. 

In this chapter, we explore the use of Fluorescence-Activated Cell Sorting (FACS) to enrich our 

libraries with promising functional variants. 

 A promising candidate for these engineering efforts is the red dopamine sensor 

GRABrDA2m. The current suite of dopamine sensors combines dopamine-sensing G-protein 

coupled receptors (GPCRs), DRD1 or DRD2, with a fluorescent reporter35,65,104,105. The 

development of these tools has enabled researchers to monitor dopamine dynamics in behavioral 

studies of reward, learning, and movement106–109. Recent advancements have been made to expand 

the color palette of dopamine indicators to include red and yellow fluorescent proteins, facilitating 

multiplexing104,105. However, red-shifted dopamine indicators have been based on cpmApple, 

which displays photoactivation when exposed to blue light. This effect has already caused a 

misinterpretation of rdLight1.1 signals when multiplexed with the blue-light-activated opsin 

ChR2110,111. Interestingly, despite containing mApple, the GRABrDA2m and GRABrDA2h variants do 

not display photoactivation to blue light, although they exhibit smaller ∆F/F0s compared to their 

photoactive counterparts, GRABrDA3m and GRABrDA3h. We aim to improve the ∆F/F0 of the non-

photo-switching variant, GRABrDA2m, due to its suitability for multiplexing experiments and its 

slow decay kinetics, which are advantageous for FACS. 

 This chapter aims to optimize our ability to generate mutation libraries through two main 

mechanisms. First, by refining our identification of promising variant DNA in high-throughput 

screening, and second, by enriching our libraries with beneficial variants using FACS. Through 
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these efforts, this study seeks not only to improve GRABrDA2m but also to contribute to more 

efficient mutant testing and machine learning dataset generation in protein engineering 

4.2 RESULTS 

4.2.1 Biophysical Properties of GRABrDA2m Prior to Sensor Engineering 

GRABrDA2m is a GPCR-based sensor that links the red fire ant D2R receptor to the cp-

mApple fluorescent protein to form a red-shifted dopamine indicator (Figure 4.1A)105. 

GRABrDA2m maintains a robust ∆F/F0 response to dopamine addition with impressive trafficking 

of the sensor to the cell membrane (Figure 4.1B, C). Of the current red-shifted dopamine 

indicators available, GRABrDA2m displays decreased sensitivities, which can even be observed in 

slow onset kinetics of the sensor (Figure 4.1D). Importantly, GRABrDA2m, despite utilizing the 

cpmApple fluorescent protein, does not display photoactivation in response to blue light 

stimulation, making it one of the only genetically encoded, red-shifted dopamine indicator free 

from this artifact (Figure 4.1E). We chose GRABrDA2m as a target for optimization of our gene 

recovery efforts primarily due to the extended activation of the sensor after dopamine addition. As 

FACS was a proposed tool for screening efforts, we determined that the off-kinetics provided 

extended periods for screening between tube exchanges. Conversely, the fast off-kinetics of the 

jRCaMP1b sensors, that decays within a manner of seconds, severely limits applicability of FACS 

as a tool for calcium sensor engineering. The secondary benefit of engineering GRABrDA2m is the 

improvement of a red-shifted dopamine indicator capable of multiplexing.  
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Figure 4.1 Biophysical characteristics of GRABrDA2m 
A. Schematic of sensor topology alongside Dopamine, the sensed molecule.  
B. The time course displays the ∆F/F0 response of pDisplay-GRABrDA2m to 10µM Dopamine.  
C. Image displays the ∆F/F0 response of pDisplay-GRABrDA2m to 10µM Dopamine. Each pixel is 

heat mapped with the corresponding max ∆F/F0 achieved. Scale bar = 100 µm.  
D. The image set displays the onset of the ∆F/F0 response of pDisplay-GRABrDA2m to 10µM 

Dopamine. Each image is 0.5s apart, where the yellow text indicates the time. Scale bar = 50 
µm.   

E. The time course displays the photoactivation profile of GRABrDA2m to 1s pulses of 488 nm 
light.  
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4.2.2 Generation of a Site-Saturated Mutation Library of the GRABrDA2m Linkers 

Within the GRABrDA2m sensor, we determined six sites within the linker residues to fully 

saturate (Figure 4.2A). To form our mutation libraries, we cloned the GRABrDA2m sensor into the 

landing pad compatible plasmid, which contains an attb recombination cassette and a P2A-Puro 

that will enable selection resistance (Figure 4.2B). To mutate the linker residues, we performed 

PCR with degenerate codons, ensuring that each nucleotide was equally represented at the six 

chosen residue locations (Figure 4.2C). Alongside the library, we additionally cloned the wild-

type GRABrDA2m sensor to act as a control, where we saw responses consistent with the non-

landing pad vector when seeded onto the PDMS micro-well arrays (Figure 4.1B, Figure 4.2D, E). 
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Figure 4.2 Library Construction of  a GRABrDA2m Linker Library for Opto-MASS 
Screening 
A. Schematic of the residues targeted for generating a mutational dopamine sensor library from 

GRABrDA2m (denoted by X). The six residues are located in the linker between the cpmApple 
and GPCR domains and were targeted by site-saturated randomized mutagenesis.  

B. Schematic of the dopamine sensor library constructed using Gibson Assembly. Colored 
regions are indicative of Gibson Assembly overlaps that are included during cloning.  

C. The logo maps display the relative nucleotide frequency achieved at the indicated residues. 
D. The time course displays the ∆F/F0 response of the stably transfect landing pad-GRABrDA2m 

cells to 10µM Dopamine.  
E. The image set displays the fluorescence of landing pad-GRABrDA2m before and after adding 

10µM Dopamine and the ∆F/F0 achieved by each cell. Scale bar = 250 µm.   
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proposed several methods to try to increase the efficiency of our Opto-MASS picking protocol. 

The first was to alter the glass micropipettes' width to isolate our cells of interest. Second, we 

changed the method of sequencing used to analyze our cell picks.  

In the development of the Opto-MASS pipeline, we used glass micropipettes, commonly 

used in whole-cell patch clamp electrophysiology, to physically isolate the promising variant cells 

from the PDMS arrays. The standard patch pipette has a very narrow opening at the tip that allows 

for the pipette to contact a small portion of the cell membrane (Figure 4.3A). With these pipettes, 

we would pierce the cell to remove it from the PDMS array. During experimentation, we found 

that the surface tension of the imaging solution caused the cell of interest to dislodge, resulting in 

a low recovery rate. To circumvent this issue, we modulated the temperatures used to pull the glass 

micropipettes. We found that by decreasing the temperature of the second step, we were able to 

achieve a slightly wider opening at the end of the micropipette. The resultant pipette had an 

opening at the tip that was much wider and capable of entirely fitting the cell within the end of the 

tip (Figure 4.3B&C). With this pipette, after aligning the end of the pipette with a cell of interest, 

we were able to apply small amounts of negative pressure, which kept the cell stuck to the end of 

the pipette and reduced the effect of surface tension on cell recovery.  
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Figure 4.3 Optimized Micropipettes Used for Cell Picking 
A. The image demonstrates a glass micropipette commonly used in patch clamp 

electrophysiology and used during the first iteration of Opto-MASS picking. The numbers in 
the top right corner indicate the temperatures used during pipette pulling.  

B. The image demonstrates the optimized glass micropipette. The numbers in the top right 
corner indicate the temperatures used during pipette pulling.  

C. The image demonstrates picking a cell of interest using the optimized glass micropipettes.  
 

 
In addition to modulating the picking pipettes, we transitioned from sequencing the pick 

DNA using Sanger sequencing to nanopore sequencing. We found that during our Sanger 

sequencing of recovered cells, we often got straightforward peaks corresponding to the variant 

DNA (Figure 4.4A). However, occasionally contaminating DNA would lead to multiple 

overlapping peaks in the Sanger sequencing results, which made us unable to determine the 

identity of the mutated residue (Figure 4.4B). With nanopore sequencing, we receive raw, unique 

reads, allowing us to determine which residue was the most commonly found and, therefore, more 

likely to be our cell of interest. Using the raw reads obtained from nanopore sequencing, we can 

delineate the identities of each contaminating DNA to recover the variant of interest’s identity 

(Figure 4.4C).  
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Figure 4.4 Identification of the Variant DNA Using Nanopore Sequencing 
A. The image demonstrates the sequencing results obtained using Sanger sequencing on a 

variant pick that contains a single variant.  
B. The image demonstrates the sequencing results obtained using Sanger sequencing on a 

variant pick that contains contaminating DNA. 
C. The image demonstrates the sequencing results obtained using nanopore sequencing on a 

variant pick that contains contaminating DNA. 
 

 

 

With these two modifications to the Opto-MASS protocol, we continued screening the 

GRABrDA2m linker library. We screened the ∆F/F0 capabilities of approximately 14,000 cells at 

dopamine concentrations of 10µM and 1µM (Figure 4.5A). We predominantly focused on the 

pick results from the 10µM dopamine screen, in which we found multiple promising variants 

(Figure 4.5B). For the variants that did not outright surpass the parental GRABrDA2m capabilities, 

we picked the cell if the capability vastly outperformed the capabilities of any of the other cells on 

the array. For example, ROI number 181 achieved 3x the ∆F/F0 of the second-ranked variant 

(Figure 4.6A, B,&C). We can also observe interesting differential kinetics between some of our 

variants. For example, pick 12:181 decays faster than pick 18:90 throughout the imagine paradigm 

(Figure 4.5B). 
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Figure 4.5 High-throughput Screening of The GRABrDA2m Linker Library 
A. The waterfall plot shows the ∆F/F0 responses from the GRABrDA2m linker library screening at 

the indicated dopamine concentration. The dotted lines depict the responses from the parental 
construct at the indicated dopamine concentration.  

B. The time course demonstrates variants that displayed promising ∆F/F0s. Each line depicts the 
response from a single cell pick. The horizontal dotted line represents the average response 
from the parental GRABrDA2m. The vertical dotted line represents the time dopamine was added 
dropwise. 

C. The genetic cassette demonstrates the recovered genetic identity of two of the GRABrDA2m 
picks. 

D. The bar plot displays the average baseline fluorescence for each indicated variant. Each scatter 
dot indicates the baseline of an analyzed cell. The bar depicts the mean and standard error of 
the mean. **** = P<0.0001. 
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E. The bar plot displays the average ∆F/F0 for each indicated variant in response to 10µM 
Dopamine. Each scatter dot indicates the max ∆F/F0 of an analyzed cell. The bar depicts the 
mean and standard error of the mean. **** = P<0.0001. 

 

 
 

Of the picks we recovered from the array, we could only obtain the genetic identity of two 

of the picks. However, this was due to the availability of rt-PCR primers as opposed to picking 

changes. In picks 8:129 and 12:181, we recovered linker identities of LNRYCG and RECMRA, 

respectively (Figure 4.5C). Both picks displayed large quantities of contaminating DNA, which 

we suspect may be a factor of new picking pipettes. During the picking process, we observed that 

the picking pipette with the larger opening caused the imaging solution equalize within the pipette, 

due to hydrostatic pressure. This enables the RNA within the bath solution to be amplified during 

the rt-PCR.  

We cloned the 8:129 variant into the CAG-GRABrDA2m vector to validate its functionality. 

Interestingly, we observed no responses from the variant to 10 µM dopamine stimulus (Figure 

4.5D&F). However, this variant interestingly had a greater baseline fluorescence (Figure 4.5E). 

We suspect that this variant could have been one of the contaminating RNAs that amplified, rather 

than the actual variant we observed in the Opto-MASS screening. Again, we suspect this may be 

due to the increased width of the picking pipette and the need for further optimization.  
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Figure 4.6 Example Output of Opto-MASS Screening Results 
A. The image depicts GRABrDA2m library cells seeded onto PDMS microwell arrays.  
B. The time course demonstrates top five variants of the screened well alongside the well’s 

average ∆F/F0 response. Each line depicts the response from a single cell pick.  
C. The table indicates the ranked response of each of the cells analyzed in panel A, linked to their 

ROI identity, and ∆F/F0 achieved.  
 

 

4.2.3 Fluorescence Activated Cell Sorting-Based Investigation of The GRABrDA2m Linker Library 

Within the Opto-MASS screening, we observed many variants display low functionality 

and no fluorescence (Figure 4.5A). This linker library, additionally, is very large, having an 

observable mutation space of 64,000,000 variants. Using the traditional Opto-MASS pipeline, we 

can screen approximately 10,000 variants daily. At this rate, we would have to screen for 100 days 

to screen 1/64 of the library.  To speed up the discovery rate of promising variants, we have 

investigated the incorporation of FACS to pre-screen the library and remove any non-functional 

or non-viable mutations.  
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Figure 4.7 Fluorescence Activated Cell Sorting of The GRABrDA2m Linker Library 
A. The histogram plot displays the compensation controls and determination of gating used during 

sorting. No fluorescence indicates cp-mApple fluorescence of non-expressing HEK293 cells, 
GRABrDA2m (-DA) indicates parental construct before dopamine addition, and GRABrDA2m 
(+DA) is parental after dopamine addition. Brackets indicated gated populations, where the 
“winners” bracket consisted of cells sorted after dopamine addition.  

B. The histogram plot displays the sorted linker library population.  
C. The images demonstrate the growth of the sorted cells after two weeks of outgrowth.  
D. The logo map displays the relative nucleotide frequency achieved at the indicated residues. 
 

 

 

During FACS, we first sorted non-fluorescent HEK293 and parental GRABrDA2m 

populations with and without dopamine (Figure 4.7A). We used the fluorescent responses of each 

population to determine gates where there is no fluorescence, baseline fluorescence of GRABrDA2m, 

stimulated fluorescence of GRABrDA2m, and a gate above the +DA GRABrDA2m that we planned to 

sort.  We observed a broad range of responses when we screened the variant library, though very 

few fell within the “winner” category (Figure 4.7B). We screened 3 million cells, and of this 

population, only 300 fell within the “winner” category. We allowed these cells to recover in tissue 

culture for two weeks before performing rt-PCR (Figure 4.7C). Within our rt-PCR results, we 
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found that the vast majority of the cells we recovered contained the mutation identity of PSILWF 

instead of the parental identity of VCSLTV (Figure 4.7D). Interestingly, the leucine at position 

527 was conserved and may be important for sensor function.  

 
Figure 4.8 In Vitro Responses of FACS GRABrDA2m Variant 
A. The image set displays the fluorescence of landing pad-GRABrDA2m and variant PSILWF 

before and after adding 10µM Dopamine and the ∆F/F0 achieved by each cell. Scale bar = 250 
µm.   

B. The violin plot displays the average ∆F/F0 for each indicated variant in response to 10µM 
dopamine. Each scatter dot indicates the max ∆F/F0 of an analyzed cell. **** = P<0.0001. 

C. The violin plot displays the average baseline fluorescence for each indicated variant. Each 
scatter dot indicates the baseline of an analyzed cell. **** = P<0.0001. 

 

 

After allowing the sorted cells to outgrow until confluency, we seeded the enriched library 

cells into PDMS microwell arrays and applied 10µM dopamine (Figure 4.8A). We found very 

little variance in the population’s capabilities, including baseline fluorescence and in ∆F/F0, which 

is consistent with the sequencing results displaying striking agreement towards a singular variant 

(Figure 4.8B, C). The PSILWF variant displayed a very bright baseline fluorescence with no 
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change in fluorescence after dopamine addition. This indicates that we preferentially sorted cells 

that were very bright but do not display dynamic fluorescence.  

4.3 DISCUSSION 
 

GRABrDA2m is a strong, red-shifted dopamine sensor with impressive membrane 

localization and photostability, though it has smaller ∆F/F0s than its photoactive counterparts. 

Within our optimization, we aimed to improve GRABrDA2m, not only due to its promising 

capabilities as a multiplexable dopamine indicator, but also due to the slow decay kinetics of the 

sensor. This was advantageous for our engineering efforts as it enabled us to have longer sorting 

cycles between stimulus addition.  

We started our optimization by generating a site-saturated linker library of the GRABrDA2m 

sensor. We chose three residues on either side of the cp-mApple, which has linker lengths of five 

residues and three residues for the 5’ and 3’ ends, respectively. We limited the number of sites to 

six due to the theoretical mutation space of 64 million, which would take a considerable amount 

of screening to properly sample a library of this size. With the six sites we chose, we balanced the 

mutated sites equally around the fluorescent protein. We chose the linkers of this protein because 

the residue linkers translate the conformational changes of the GPCR to the fluorescent protein. 

This makes the residue linkers a straightforward starting point for engineering.  

To optimize the gene recovery process of our Opto-MASS screening, we altered two 

aspects of our current process. We began by altering the pipettes that are used for picking. We 

pulled pipettes that had a wider opening at the end of the picking pipette, which enabled us to 

provide negative pressure when picking the cell from the array. Objectively, this process worked 

well, allowing us to hold the cell at the tip of the pipette and reduce the loss of the cells due to 

surface tension. However, the slight opening at the pipette's end and the negative pressure 
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application allowed bath media inside the pipette. This introduced contaminating DNA to the gene 

recovery process, making discerning the promising variant's gene difficult after sequencing. This 

led to potentially incorporating the wrong variant in 8:129 and no variant functionality during 

validation. We additionally altered the sequencing process from Sanger sequencing to nanopore 

sequencing, which was much more interpretable than the results from Sanger sequencing. Moving 

forward, we can still improve the recovery process. One such alteration that could be made is to 

attempt cellular outgrowth with the optimized picking pipette that holds the cells. By allowing the 

cells to have several days to replicate, we can improve the recovery rate of the gene of interest 

while also diluting any possible contaminating DNA that may have been introduced during 

picking.  

We investigated FACS as an avenue to quickly and crudely prescreen the library to remove 

nonviable variants and enrich the library for promising candidates. Toward this endeavor, we 

formed sorting gates based on non-fluorescence controls and the parental construct in both the apo 

and saturated states. With these controls, we designated four gates: no fluorescence, WT -DA, WT 

+ DA, and winners. While sorting the linker library sample, we observed a massive shift of the 

average fluorescence of the library towards the no fluorescence gate. This highlights our 

observation in vitro, where many of the mutations were non-viable. After sorting the few cells that 

populated the “winner” gate and letting them outgrow, we were able to test their ability against the 

parental construct. We found that the variant was much brighter but lost its dynamic nature. This 

bias was introduced during our screening process but is something that could be mitigated using 

sophisticated gating strategies. For example, we could employ an initial sort and gate for cells with 

a proper baseline fluorescence before adding dopamine and sorting for cells displaying a promising 

fluorescence shift.  
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In conclusion, our optimization efforts to improve the GRABrDA2m sensor have provided 

valuable insights into both the strengths and limitations of the current approaches. While we 

successfully identified potential avenues for improvement, our efforts were hampered by 

challenges in the gene recovery process and the introduction of bias during the FACS. These 

obstacles underscore the need for further refinement of our screening methods, particularly in 

improving the efficiency and accuracy of cell picking and reducing contamination during the gene 

recovery process. Ultimately, while the current approach has not yet resulted in a significantly 

improved sensor, it is a crucial process toward better understanding the steps necessary for forming 

sequence-to-function libraries. The strategies outlined here will provide a solid foundation for 

future endeavors to overcome the current limitations. 

4.4 METHODS 

4.4.1 Molecular Cloning 

Predicted mutations were reflected into the pDisplay-GRAB-rDA2m-IRES-EGFP-CAAX 

backbone (Addgene; 208694) using point-mutation primers ordered from Integrated DNA 

Technologies (IDT) and PCR amplification with either Q5-polymerase (New England Biolabs; 

M0492L) or Superfi-II polymerase (Invitrogen; 12368010). Amplification of the DNA fragment 

was verified with agarose gel electrophoresis. Blunt-end DNA circularization was achieved with 

Kinase, Ligase, and DpnI enzyme (KLD) treatment (New England Biolabs: E0554S). Circularized 

DNA was transformed into competent E.Coli cells (DH5ɑ or TOP10) and grown on agar plates 

that contain either ampicillin or kanamycin selection antibiotic (50 µg/mL). Upon colony 

formation, single colonies were picked and grown in 5mL cultures containing LB Broth (Fisher 

BioReagents; BP9723-2) and selection antibiotic (ampicillin/kanamycin; 50 µg/mL) overnight 

(37°C, 230 RPM). DNA was isolated using Machery Nagel DNA prep kits (Machery Nagel; 
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740490.250). Sanger sequencing (Azenta; Seattle, WA) of the isolated plasmid DNA was used to 

confirm the presence of the intended mutation.  

Genes encoding the GRABrDA2m variants were cloned into a CAG-driven backbone, 

pCAG-Archon1-KGC-EGFP-ER2-WPRE (Addgene; #108423), using Gibson assembly (New 

England Biolabs; E2621L). All subsequences were verified with Sanger sequencing (Genewiz; 

Seattle, WA).  

4.4.2 Dopamine-HCL Assays 

Human Embryonic Kidney (HEK293; ATCC Ref: CRL-1573) cells were cultured in 

Dulbecco’s Modified Eagle Medium + GlutaMAX (Gibco; 10569-010) supplemented with 10% 

fetal bovine serum (Biowest; S1620). When cultures reached 85% confluency, the cultures were 

seeded at 100,000 cells per well or 50,000 cells per well in 24-well and 48-well plates, respectively. 

24 hours after cell seeding, the cells were transfected using Lipofectamine3000 (Invitrogen; 

L3000015) at 1000 ng of DNA per well of a 24-well plate, according to the manufacturer’s 

instructions. 

48 hours post-transfection, the plates were prepared for imaging by washing and then 

replacing culturing media volume with imaging solution (Tyrode’s pH = 7.33; 125mM NaCl, 2mM 

KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM Dextrose, 25 mM HEPES (triple supplemented with 1% 

Glutamax (Gibco; 35050-1), 1% Sodium Pyruvate (GIBCO; 11360-070), and 1% MEM Non-

Essential Amino Acids (Gibco; 11140-050)). Crystalline power Dopamine Hydrochloride (Sigma 

Aldrich; H8502-25G) was resuspended into imaging solution (Tyrode’s pH = 7.33; 125mM NaCl, 

2mM KCl, 2 mM CaCl2, 2 mM MgCl2, 30 mM Dextrose, 25 mM HEPES) into 2x the desired final 

concentration. During imaging, 1:1 volumes of the acetylcholine-tyrodes imaging solution were 

hand-pipetted into the bath volume to bring the final acetylcholine concentration to the desired 
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concentration. Imaging was performed on a sCMOS camera (Photometrics Prime95B) on an 

epifluorescent microscope (Leica DMI8) using a 20X objective (Leica HCX PL FLUOTAR L 

20x/0.40 NA CORR). A Lumencor Light Engine LED and Semrock were used for fluorescence 

imaging.  

4.4.3 Analysis of Fluorescent Assays 

Analysis of HEK293 cell fluorescence imaging data was done using FUSE, a custom 

cloud-based semi-automated time series fluorescence data analysis platform written in Python. 

First, the cell segmentation quality of the selected Cellpose90 model was manually verified. For 

the segmentation of cells expressing cytosolic fluorescent indicators, model ‘cyto’ was selected as 

our base model. If the selected Cellpose model was low-performing, we further trained the 

Cellpose model using the Cellpose 2.0 human-in-the-loop system91. Using an “optimized” 

segmentation model, fluorescence time-series data is extracted for each region of interest. This 

allows for unbiased extraction of change in cellular fluorescence information for a complete set of 

experimental samples. Using the raw fluorescence data, % fluorescence change from the baseline 

(∆F/F0) over time was calculated using Eq.1.  

4.4.4 Generation of Randomized Variant Libraries 

 Randomized mutation libraries were generated using Gibson assembly cloning. Inserts and 

backbones were amplified using PCR (Superfi-II polymerase (Invitrogen; 12368010)). 

Amplification of the DNA fragments was verified with agarose gel electrophoresis, and 

circularization was achieved using Gibson assembly (New England Biolabs; E2621L). The 

assembly was purified using the Machery Nagel PCR cleanup kit (Macher Nagel; 740611.250) 

before being transformed into 33 μL of electrocompetent cells (NEB cat no. C3020K) (2000 V, τ 

= 5 ms) in ice-cold cuvettes (1 mm gap) with one μL of the elution. The electroporated cells were 
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rescued in 967 µl of SOC for 1 hour at 37 °C. The rescue media was added to 100 mL of Luria 

Broth (LB) with supplemented with ampicillin and grown overnight at 37 °C and 240 rpm. Library 

DNA was isolated using the Machery–Nagel NucleoBond Xtra Midi EF kit (Machery Nagel; 

740420.50). The mutagenesis of the library was verified using nano-pore sequencing 

(Plasmidsaurus).  

4.4.5 Landing Pad Transfections 

HEK293T landing pad cells that contain a recombination cassette, developed by the fowler 

lab, were stably recombined with the library prep using a double transfection protocol. The landing 

pad cells were standard cultured in 1–2 μg/mL doxycycline. One day before transfection, the 

landing pad cells were removed from doxycycline. On the day of transfection, the landing pad 

cells were seeded at 250,000 cells per well into 6-well dishes. The Fugene transfection reagents 

(per well) were prepared as followed: 3 μg of plasmid DNA encoding pCAG-Bxb1 recombinase; 

6 μL of Fugene6 (Promega cat. # E2693); 300 μL of Opti-MEM. The reagents were left to complex 

undisturbed for 15 min and then added to the cell suspension. After 24 hours, the fugene 

transfection is repeated with the addition of the library plasmid in place of the pCAG-Bxb1 

recombinase DNA. The transfected cells were transitioned to 4 μg/mL doxycycline media after 24 

hours and 4 μg/mL doxycycline + 1 μg/mL doxycycline media after 48 hours.  

4.4.6 Polydimethylsiloxane Microwell Array Formation and Seeding 

The microwell arrays were fabricated, as discussed previously40. Briefly, an etched silicon 

wafer acts as a negative mold for the PDMS (Sylgard 184, Corning). The PDMS was formulated 

by mixing an equal ratio of 10:1 (w/w) and vigorously mixing. This mixture was poured onto the 

negative mold and placed into a desiccator for 10 minutes to remove air bubbles. The PDMS-

containing wafer was then placed into a 70°C incubator overnight to cure. The cured PDMS was 
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removed from the mold and plasma treated before being stamped with bovine serum albumin 

(BSA) (FischerSci; Cat #BP1600). The PDMS arrays were then cut to size using a scalpel and 

placed into a 24-well dish.  

4.4.7 Cell Seeding Onto Microwell Arrays 

With the PDMS arrays placed in 24-well dishes, the entire plate was plasma-treated before 

quickly adding standard growth media to each well. The plate with media in the wells was then 

placed under vacuum to remove microbubbles from inside the wells. The landing pad cells were 

then removed from their standard growth dishes using 0.05% Trypsin-EDTA and before being 

counted. The cell suspension was normalized to a concentration of 500,000 cells per mL. 40 µL of 

this cell suspension was then carefully pipetted above each microwell array. The cells were 

returned to the incubator for 10 min to allow for the cells to seed into the cells through gravity. 

After 10 min, the 24-well plates were then placed in a centrifuge and spun down at 100 RCF for 5 

min, to further seed the cells deeper within the wells. The media within each well was changed to 

remove any cells that did not occupy the microwells and to replace the array cells with doxycycline 

media.  

4.4.8 Reverse Transcription PCR 

Reverse transcription PCR was performed as discussed previously, and the current section 

contains excerpts from the manuscript40. Single-cell recovery tubes were prepared by diluting 5 

μL of 0.1 M DTT into 200 μL of TE buffer; 5 μL of the TE/DTT solution was added to each PCR 

tube. After library screening, the single cell recovery tubes containing 5 µL 0.1 M DTT/ TE and 

the library pick were removed from the dry ice and placed on wet ice. Each tube was processed 

with reagents from the SuperScript IV First-Strand synthesis kit (Invitrogen cat. # 18091050). To 

each tube, 0.5 μL of 0.1 M DTT and 0.5 μL of RNase inhibitor were added. The samples were 
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placed on dry ice for 5 min and then moved back to wet ice. Next, 0.5 μL of the following was 

added to each tube, DI H20, a 10 mM dNTP mix, and 2 μM primer. 

Next, the primers were annealed to the mRNA by incubating the samples at 95 °C for 30 

s, 4 °C for 1 min, and 65 °C for 5 min. The samples were then returned to the wet ice. Next, 2 μL 

of SSIV RT 5× Master Mix was added to each sample. The samples were pipetted up and down 

thoroughly. Finally, 0.5 μL of the SSIV RT Enzyme was added to each tube, and the samples were 

thoroughly pipetted up and down. To perform the reverse transcriptase reaction, the samples were 

incubated at 53 °C for 10 min and then at 80 °C for 10 min. Next, 0.5 μL of RNaseH was added 

to each tube, and the samples were incubated for 20 min at 37 °C to remove any mRNA from the 

cDNA. Samples were stored at −20 °C before PCR amplification of cDNA with Q5 (New England 

Biolabs) or SuperFiII (ThermoFischer) using recombination-specific primers. 

3.3.12 Fluorescence Activated Cell Sorting 

To prepare cells for FACS, the cells were trypsinized for 5 minutes at 37 °C and rescued 

using a standard growth medium to generate a single-cell suspension. The cell population was 

counted using a hemocytometer and the remaining cell population was transferred to a sterile 

15mL tube and pelleted at 0.5 rcf for 5 minutes. After spinning, the supernatant was discarded, 

and flow sorting buffer (98 mL HBSS (Gibco; 14025-092), 2 mL FBS (Biowest;91620), 1 mL 

HEPES (1M) (Gibco; 15630-080) was added to the pellet to achieve a final cell concentration of 

2 million cells per 1 mL of sorting buffer. After sorting buffer was added, the cells were kept on 

ice throughout the flow sorting steps. The cells were sorted on a BD FACS ARIA III, and just 

prior to being loaded onto the machine, the cells were passed through cap of a 5 mL Polystyrene 

Round-Bottom Tube with Cell-Strainer Cap (Falcon; 352235). Cells were sorted into sterile 15 

mL tubes that contained recovery media (10 mL of DMEM + 10% FBS + 200 µL P/S). After 
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sorting, the recovered cells were spun at 0.5 rcf for 5 minutes, and the supernatant was removed 

using a 1000 µL pipette. Fresh recovery media was used to resuspend the cell pellet and the cells 

were transferred to a sterile 24-well plate to allow for outgrowth.  
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Chapter 5. Proposed Advancements in Sequence-to-Function 
Library Generation for Supervised Model Training 
 
ABSTRACT 

 This chapter explores advancements that will help develop sequence-to-function libraries 

for regressor and classifier machine-learning implementations. We begin by discussing the 

formation of mutation datasets and proper data-handling techniques. Key considerations for 

improving future datasets are outlined, including defining sequence space, ensuring balanced 

mutation representation, and identifying both 'good' and 'bad' mutations for proper model training. 

We then discuss an accelerated approach that can be employed to develop sequence-to-function 

libraries for regressor training. The approach we outline includes a collaboration with the Fowler 

lab to perform in situ sequencing to link empirically derived sensor performance to a DNA 

barcode. We end this chapter by discussing fluorescence-activated cell sorting as a mechanism to 

develop libraries suited for classifier training. In this method, we would employ an iterative sorting 

technique to capture the level of fluorescence change after ligand addition that will be used to sort 

the library into separate dates.  Combining the gated performance with the identity of the mutants 

returned during rt-PCR can be used as input for classifier training. Implementing these 

methodologies promises to accelerate the generation of mutation libraries for supervised model 

training, enhancing the applicability of machine learning in future protein engineering studies. 
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5.1 PROPOSED IMPROVEMENTS 

5.1.1 Considerations for Improved Sequence-to-Function Libraries  

We would like to acknowledge that the dataset used to train the ensembles in both the 

GCaMP and RCaMP studies were biased toward influential residues, as the mutated residues were 

chosen through crystal structure analysis and previous empirical insight. Whether this is truly a 

limitation is difficult to ascertain. We observed that highly mutated positions tend to come to the 

forefront of final predictions; however, this does not mean that the residues are not influential or 

that the mutations that the ensemble suggests cannot be exploited further. Likewise, even with 

biases in the mutation library, it did not preclude less explored residues from being chosen as 

influential in sensor performance. We ultimately benefitted more from the well-characterized 

mutation library that was already published than what was detracted via biased predictions. We 

would like to point out that the mutational dataset was not intentionally formed with machine 

learning in mind, yet the information found within was still invaluable and capable of training 

machine learning models. 

As machine learning studies become more prevalent, several considerations for data 

acquisition may help generate datasets better suited for machine learning extrapolation. First, 

sequence space and dimensionality must be well-defined. Smaller dimensionality offers more in-

depth analysis and comprehension of combinatorial mutations. At the same time, larger numbers 

of residue positions will span a much greater sequence space but limit the study to small iterations 

from the starting sequence. Data acquisition should have equal numbers of mutations per residue 

in their characterization to avoid any potential biases that may arise due to unbalanced prevalence. 

Furthermore, identifying 'bad' mutations is as vital to proper training as 'good' mutations. The use 

case of iterative model training, in which the user is informed by machine learning and then retrains 
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the model with additional information, is an ideal application of this technology. However, testing 

only promising variants should be avoided, as this may introduce bias into the dataset during 

retraining. Testing mutations at sites where the ensemble shows significant prediction variability 

can increase understanding. 

5.1.2 In-Situ Sequencing to Generate Mutation Libraries for Regressor Training 

 After developing our machine learning pipeline, a significant goal was the in-house 

development of sequence-to-function libraries that can be used to train our regressor models. 

Importantly, the output for regressor models are continuous numerical values, which provides us 

the level of nuance between variants that we were able to leverage in chapters two and three112. 

While the data we have utilized thus far has been invaluable, the data was acquired over seven 

years7,113, a rate-limiting step within our machine learning pipeline. In collaboration with the 

Fowler Lab, we propose an accelerated approach that couples several projects between our two 

labs.  

 Using the landing pad cells developed in the Fowler Lab, we will express variant libraries 

based on machine learning insights. One modification to the Opto-MASS protocol within this 

instance is the inclusion of short, unique DNA barcodes. These cells will then be sparsely seeded 

onto 96-well plates, where phenotype will be recorded using traditional stimulation techniques, 

such as applying acetylcholine or stimulating with 488nm light to observe photoactivation 

tendencies. After obtaining phenotypic capabilities for each cell, the Fowler Lab will perform 

SENSE, an all-optical in situ sequencing method based on FISSEQ, which is being developed 

within the Fowler lab114. In this method, the stimulated well is fixed using PFA to preserve the 

DNA barcode, and cDNA is formed by in situ reverse transcription. The resultant cDNA undergoes 

amplification and sequencing using reversibly terminated fluorescent deoxyribonucleotides. The 
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resultant data is an image stack that contains fluorescent label information for each position in the 

DNA Barcode that can then be used to link the identity of the barcode to the mutant contained. 

Using FUSE, a deep-learning-based cell analysis pipeline developed in the Berndt Lab, we will 

assign ROIs to cells during their stimulus protocol, which can then be transferred to their in situ 

sequencing results (Figure 5.1).  

 
Figure 5.1 Demonstration of FUSE, a Deep-Learning Cell Segmentation Pipeline 
 Images depict cell segmentations before and after acetylcholine stimulus in CaMPARI 
expressing cells. ROI labels are formed using FUSE and are used to generate ∆F/F0 quantifications. 
(N=607 cells segmented, scale bar depicts 100 µM, images are separated by 30s/60 Frames).  
   

With the successful application of this in situ sequencing technique, we gain the ability to 

improve the speed of mutation library generation dramatically. This also provides the ability for 

reciprocal learning, in which the mutation screen is informed by the ML pipeline, which is, in turn, 

further trained by screening results. This methodology forms a symbiotic relationship between ML 

algorithms and high-throughput screening. It has the potential to significantly reduce the time 

required to form sequence-to-function libraries needed for model training.  
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5.1.3 Fluorescence Activated Cell Sorting to Generate Mutation Libraries for Classifier Training 

In Chapter 4, we investigated the use of fluorescence-activated cell sorting (FACS) to 

enrich our mutation libraries with functional variants. The successful application of this 

methodology potentiates the ability to create sequence-to-function libraries through strategic 

gating that would be compatible with classifiers. Notably, within classifiers, we would obtain a 

qualitative output of the sensor performance (i.e., small ∆F/F0, medium ∆F/F0, large ∆F/F0) that 

would also be returned to us during predictions on novel sequences, as opposed to the continuous 

values that we have obtained in our regressor training used thus far. While we do lose the nuance 

that we have been afforded with the training of regressors, this methodology seeks to reduce time 

necessary to develop sequence-to-function libraries. 

Within this approach, we propose first to screen our compensation controls to define gates 

that capture the wild type’s change in fluorescence (Figure 5.2A, D). After determining the gates, 

we will then pre-sort the linker library samples prior to adding the stimulating ligand. We will 

focus on sorting the non-fluorescent samples, 1, and samples that show baseline fluorescence 

similar to our wild type, 2* (Figure 5.2B, D). With the 2* population, we will then add the 

stimulating ligand and re-sort the library, where we will sort the final 2, 3, and 4 populations 

(Figure 5.2C, D). With these populations, we can perform rt-PCR to determine which mutants 

comprise each population. 
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Figure 5.2  Potential Sorting Strategy to Generate Mutation Libraries 
a. Hypothetical histogram plot of compensation controls and defined gates from defined 

populations.  
b. Hypothetical histogram plot of linker library sample prior to ligand addition and gates used 

for sorting. 
c. Hypothetical histogram plot of 2* population after ligand addition and gates used for sorting. 
d. The flow diagram depicts steps taken to sort populations 1,2,3, and 4 for rt-PCR.  
 

 

With the sorted cell populations, we will perform rt-PCR to amplify the DNA of variants 

within each sorted population. After nanopore sequencing, we can link the variant sequence to the 

performance rate (1: non-fluorescent, 2: no change, 3: medium change, 4: large change), which 

can be used as input to a machine-learning classifier. This would entail altering the current 

methodology that we have been employing to replace the regressor models with classifiers. 

However, the current model architecture can remain intact to capture similar capabilities.  
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Chapter 6. Concluding Remarks 

Optogenetics has enabled unprecedented understanding of the inner workings of the 

mammalian nervous system. It harnesses naturally occurring light-sensitive proteins to alter or 

monitor how cells interact within their native environment. Optogenetics is widely applicable in 

cellular biology; however, each application requires tools with specific biophysical characteristics 

that match experimental needs. To obtain these tools, researchers have historically undertaken 

long, resource-intensive engineering cycles to find improved proteins with the desired biophysical 

characteristics. Each engineering cycle is based on hypotheses that necessitate a deep 

understanding of microscopic intraprotein interactions, requiring low angstrom crystal structures 

and intellectual burden. These trial-and-error-based mutagenesis studies limit the throughput of 

protein engineering and expose a critical need for improved mutational insights.   

Toward this goal, I first demonstrated that machine learning can guide our engineering of 

optogenetic sensors. To do so, I developed a machine learning ensemble that comprised a random 

forest regressor, K-neighbors regressor, and multilayer perceptron network regressor. This 

ensemble was trained using a sequence-to-function library of the protein GCaMP. Within cross-

validation, we observed impressive learning with R2 values above 0.8. We used this method to 

predict the functional capabilities of 1426 novel sequences and identified mutations to test in vitro 

based on our models’ predictions. We found that many ensemble predictions matched the observed 

outcome in vitro. We successfully implemented a computational tool capable of learning from 

empirically derived sequence-to-function libraries and suggesting mutations that led to desired 

biophysical characteristics. Using this technique, we identified three new GCaMP variants that we 

termed ensemble-GCaMPs (eGCaMPs) that display not only large ∆F/F0s but also fast decay 

kinetics.   
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 We demonstrated that this same methodology these results were not specific to the GCaMP 

study and that this same methodology can be used to engineer other sensors, including the red-

shifted calcium indicator jRCaMP1b. We followed the same computational approach with a 

sequence-to-function library for jRCaMP1b and sought to optimize the kinetics, sensitivity, and 

dynamic range. We took care to directly link the model predictions with the observed performance 

in primary cortical neurons. We found that the model’s suggestions impressively matched what 

we observed in vitro, with many promising candidate variants that show impressive sensitivity and 

kinetics. We also took this study one step further to demonstrate that the insights derived from the 

model predictions can be used as targets for combinatorial mutagenesis through high-throughput 

screening. Within this study, we lend credence to the validity of the results derived in the 

engineering of GCaMP and illustrate that the model predictions can be used in non-traditional 

ways that complement high-throughput techniques.  

 The rate-limiting step of the computational approach outlined in this thesis is the 

availability of sequence-to-function libraries that can be used to train models. We conclude our 

study by attempting to assuage common issues with the current high-throughput screening 

implementation and investigate new practices that can be used to develop mutation libraries for 

both regressor and classier supervised learning methods. With the successful execution of these 

techniques, we can create a symbiotic relationship between high-throughput screening and 

machine learning to dramatically accelerate the engineering of functional proteins.   

In conclusion, this thesis presents a novel computational approach to optogenetic sensor 

engineering by leveraging machine learning to overcome the inherent limitations of traditional 

trial-and-error-based mutagenesis. By reducing the resource and intellectual burden of protein 

engineering, this methodology provides an efficient and data-driven alternative that can 
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significantly streamline the development of optogenetic tools with tailored biophysical 

characteristics. The success of this approach was observed across multiple sensors, including 

GCaMP and RCaMP, demonstrating the versatility of this framework to different optogenetic 

sensors. This work establishes a promising new paradigm in protein engineering, positioning 

machine learning as an indispensable tool for accelerating the creation of optogenetic tools and 

beyond. 
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