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Biosensor Assays for Measuring the Kinetics of G-Protein and Arrestin-Mediated Signaling in Live Cells
Abstract
[bookmark: OLE_LINK7]G-protein-coupled receptors transmit signals through cascades of cellular signaling molecules to orchestrate physiological responses. Measuring the time course (kinetics or dynamics) of GPCR signaling is revealing new spatiotemporal paradigms of signaling with biological and therapeutic implications. Kinetics also impact drug activity measurements, for example biased agonism. Biosensors greatly facilitate the measurement of signaling kinetics by detecting signaling in live cells in real time; a ligand is applied to cells, the cells placed in a reader, and the change in light emission measured repeatedly over time. In this chapter, methods are presented for assaying signaling molecules using genetically-encoded fluorescent biosensors. Protocols are provided for the most common G-protein pathways (Gs and Gi, detecting cAMP; Gq, detecting diacylglycerol and Ca2+), and also for arrestin recruitment. Methods for analyzing the time course data are required to obtain kinetic drug signaling parameters useful for lead optimization and large-scale receptor research. One such parameter is the initial rate of signaling by the ligand bound receptor (k), a biologically-meaningful and familiar metric. Straightforward curve fitting methods are described for measuring the initial rate by analyzing the whole time course without the need to isolate the linear portion of the curve. Biased agonism is quantified using this approach, providing a simple metric that takes into account differential kinetics of signaling. These experimental and analysis methods enable investigators to routinely measure and quantify the kinetics of signaling in their receptor research and drug discovery projects.


Introduction
The superfamily of G-protein-coupled receptors comprise the largest family of signaling proteins in the human genome, transducing a remarkable diversity of extracellular stimuli into intracellular signaling networks that modulate and control physiological responses (1-3). Methods for measuring the intracellular signaling molecules have been evolving for sixty years. Laborious chemical methods were used in the discovery of second messengers and elucidation of their function, such as cAMP and inositol phospholipids (4,5). The development of immunoassays to quantify second messengers greatly improved throughput, enabling functional assays to be used routinely in drug screening (6). Biosensors are the latest advance in the measurement of GPCR signaling (7-12) (comprehensively reviewed in refs. (13,38)). These agents enable noninvasive detection of signaling molecules such as second messengers; the biosensor produces an optical signal on binding the target signaling molecule, which can be detected in plate readers. This technology provides three advances - the workflow for detecting the signal is minimal (Figure 1); signaling can be measured in live cells; and signaling can be measured routinely over time. Biosensors greatly facilitate time course assays because a single plate can be used for all the time points. In the workflow, ligands are applied to the cells, the plate placed in the plate reader, then the optical signal from the biosensor measured repeatedly in the same plate (Figure 1). This modality is referred to colloquially as “Real time” or “Continuous read” detection.




	A genetically-encoded biosensor is a protein, transcribed from DNA delivered into cells, usually comprising two components (Figure 2) (13). First is a domain that binds the target molecule being detected, for example cAMP. The second is a fluorescent or luminescent reporter protein that produces a light signal. The biosensor is designed in such a way that the binding of the target molecule to the sensor causes a change in the optical properties of the reporter, e.g. emission of a photon or a change of fluorescence emission intensity (Figure 2) (13). In this way, a biological signal is converted to a light signal that can be easily detected. For GPCR signaling, numerous biosensors have been developed, the second messengers that can be detected including cAMP, Ca2+, diacylglycerol (DAG) and phosphatidylinositol 4,5-bisphosphate (PIP2) (see Table <?escape?>2 of ref. (13)). In this chapter, the biosensors used are fluorescent - they are excited with an external light source at one wavelength and emit light at a second, longer wavelength. Binding of the target molecule causes a change of the intensity of the emitted light (Figure 2), which can be detected using a plate reader. The first goal of this chapter is to provide experimental protocols for employing the biosensors to measure GPCR signaling (see Measuring GPCR Signaling Using Genetically-Encoded Fluorescent Biosensors).
Measuring signaling over time is valuable for two reasons - discovering new signaling mechanisms and optimizing new therapeutics. Measuring the time course reveals new mechanisms of GPCR signaling and regulation. For example, in the late 1960’s and 1970’s it was discovered, by measuring cAMP over time, that the signal fades after reaching a peak (15-17). This phenomenon, termed desensitization, contributed to the discovery of the molecular machinery of GPCR regulation, including GPCR kinases and arrestins (reviewed in refs (14,18). More recently it was shown that some GPCR signals endure after the ligand has been washed out, evident from measuring the time course of signaling before and after washout (10,19-23). This led to the discovery of sustained signaling by internalized receptors, a new spatiotemporal dimension of GPCR signaling of potential therapeutic utility (24-26). From the perspective of optimizing new therapeutics, time course pharmacological studies have revealed that drug activity in signaling assays can change over time (27-30). For example, for the D2 dopamine receptor, the rank order of efficacy for a series of ligands was shown to change over time, which resulted in measurements of biased agonism changing over time (27). Biased agonism is the capacity of a ligand to stimulate selectively only some of the signaling pathways stimulated by the GPCR and is of considerable interest in development of next-generation GPCR therapeutics (see this section) (31-35). This time problem can be solved by using the rates of signaling activity in the bias calculation (29).


Data analysis methods are required for time course data to extract useful pharmacological parameters, of a form that can be used to guide medicinal chemistry and basic research on GPCR signaling. Specifically, curve-fitting methods are needed to reduce the raw data to useful parameter values. One such parameter is the initial rate of signaling by the ligand occupied receptor, termed k (29,36,37). This parameter was developed by applying enzyme kinetics to GPCR signaling, and is analogous to the initial rate of enzyme activity. k is determined as the initial rate of signaling produced by a maximally-stimulating concentration of ligand (37). First, the whole time course curve is fitted to an equation in familiar curve-fitting software (e.g. Prism from GraphPad Software). The fitted parameters are then used to calculate the initial rate using a simple formula. The initial rate is then used to determine k.
[bookmark: _Hlk55110777][bookmark: _Hlk57999300][bookmark: _Hlk57617901]	In this chapter we describe the experimental methods for measuring signaling using biosensors (Measuring GPCR Signaling Using Genetically-Encoded Fluorescent Biosensors). Hundreds of biosensors have been developed by numerous laboratories, as comprehensively reviewed in refs (13,38). In this chapter we exemplify the methods for fluorescent biosensors using sensors developed and/or distributed by Montana Molecular. These sensors have been optimized to be simple and routine to use, with a high brightness enabling detection using plate readers, and employing the Bacmam viral vector to ensure consistent, reproducible expression from well to well and plate to plate in numerous cell types. Next, the data analysis methods for analyzing time course data are presented, by which the initial rate and k are determined (Analyzing Signaling Time Course Data). Finally, the approach is applied to biased agonism (Simplifying Biased Agonism Assessment Using Signaling Kinetics) and it is shown how quantifying the initial rate simplifies bias quantification, enabling a simple ratio of signaling rates to be employed. By combining the biosensor assay protocols and initial rate analysis, we aim to provide investigators a straightforward, streamlined method to routinely measure the kinetics of GPCR signaling, facilitating research into GPCR signaling mechanisms and the kinetic optimization of new therapeutics.


[bookmark: _Measuring_GPCR_Signaling][bookmark: _Hlk80258915]Measuring GPCR Signaling Using Genetically-Encoded Fluorescent Biosensors

Biosensor Architecture

	Genetically encoded, fluorescent biosensors offer many advantages. They provide real-time measurements of signaling dynamics, they can be genetically targeted to specific cell types, and these proteins can be directed to particular subcellular signaling domains. In this Chapter, we are focused on fluorescent biosensors, and to understand how the different types of fluorescent biosensors work, it is important to start with some basic photophysics. Imagine a fluorophore in solution in a cuvette. There are fundamentally only three ways in which the fluorescence intensity can change. The first is that the concentration of the fluorophore can increase or decrease. The second would be that the cross section of the fluorophore will change, and finally, it is always possible that the quantum efficiency will change (39). 

Ratiometric, Two Color Sensors

	The first fluorescent biosensors typically generated a change in Förster resonance energy transfer, or FRET, between two different fluorescent proteins (40). The chameleon Ca2+ sensor is an excellent example (41). In this sensor cyan and yellow fluorescent proteins were connected to one another by a linker that would change shape when bound to Ca2+. Resonance energy transfer between two fluorophores is exquisitely sensitive to the distance between the fluorophores, and their relative orientation, so Ca2+ induced changes produced detectable changes in energy transfer. Here the underlying photophysics involves changes in the quantum efficiency of the donor fluorophore. This can be measured either by a change in the donor fluorescence intensity, or by the excited state lifetime of the donor, each of which will decrease as FRET efficiency increases. Many early sensors were created with the cyan/yellow pair of fluorescent proteins, but newer pairs of more efficient green and red proteins are being adopted (42,43). The fluorophore is buried in the middle of the fluorescent protein barrel, so FRET efficiency is quite limited. Indeed, the signal is so small that FRET-based sensors are not practical for use on automated fluorescence plate readers.
	Beyond FRET sensors, two color ratiometric sensors have been designed to detect changes in the environment. For example, there is a chloride sensor in which the yellow fluorescent protein - venus - is halide sensitive while the cyan protein is not, so the ratio of fluorescence becomes a measurement of the chloride concentration (44). The Fucci biosensor beautifully reports the cell cycle by fusing different degradation signals to green and red proteins (45), and the unfolded protein response can be detected through color changes produced by mRNA splicing (46). The beauty of two color sensors, whether they work through changes in FRET, or simply through environmental sensitivity, is that the ratio of the two signals can be used to adjust for cell volume changes or differences in expression. The cost, however, of using two colors is that the absorption and emission bands of fluorescent proteins are quite broad, so using two different colors typically consumes much of the visible spectrum, making multiplex recordings with multiple sensors quite difficult.

BRET Sensors
[bookmark: _Hlk55803421]	Bioluminescent resonance energy transfer (BRET) biosensors have been introduced for quantifying GPCR signaling, including G-protein activation, arrestin recruitment and second messenger production (see for example refs (11,12)). GPCR signal transduction involves intermolecular interaction between signaling molecule proteins and BRET provides an ideal means to detect intermolecular interaction. One of the two interacting proteins is tagged with a luminescent protein (the donor) and the other tagged with a fluorescent protein (the acceptor). When the two proteins are in close enough proximity, the energy transfer between the donor and acceptor can be detected (8).

Single Fluorescent Protein, Intensiometric Sensors

	Fusions to the original N- or C-termini of the fluorescent protein. The fluorescent proteins in use today are all barrel-shaped protein structures that are remarkably inert. The sequences, photophysical properties, and protein structures are easily viewed and analyzed in the fpbase database (47) (www.fpbase.org). Briefly, eleven staves of beta sheet create a warped barrel that contains the fluorophore. The N- and C- termini of the protein are the same end of the barrel, and these can readily be fused to other proteins. While these sorts of fusions have been used to “tag” proteins, they don’t typically produce biosensors in the sense that the fusion partner doesn’t produce a change in the photophysical properties of the fluorophore. There are two exceptions to this general rule. First, the dimeric and tetrameric forms of fluorescent proteins have larger cross sections and quantum yields than the monomeric forms. The dimerization-dependent fluorescent proteins take advantage of this phenomenon, and have been used to create a variety of sensors (48). The voltage sensors are another example of how fusing a single fluorescent protein to the end of another protein can create a sensor. In a seminal paper, Siegel and Isacoff showed that that a single fluorescent protein can be positioned in the C-terminus of a voltage-gated ion channel subunit to create a sensor that changes fluorescence intensity as transmembrane voltage was altered (49). This led to numerous voltage sensors, reviewed in ref. (50), that iteratively improved performance. 
	Fusions to circularly permuted fluorescent proteins. The interface of a dimer of fluorescent proteins is largely centered around the seventh barrel stave of the protein barrel. This stave is positioned close to one end of the fluorophore within the barrel, and it has important effects on the fluorophore. Baird and colleagues showed that protein domains can be successfully inserted into the seventh stave of the fluorescent protein barrel structure, close the fluorophore. The original N- and C-termini of the protein are connected and new N- and C-termini engineered into the seventh stave to create a circularly permuted fluorescent protein (51). Many different protein domains have been fused to the new termini of circularly permuted fluorescent proteins such that changes in the conformation of these proteins produce changes in fluorescence. A good example of this is the GCaMP6 Ca2+ sensor, which is widely used in neuroscience (52). In this case calmodulin is fused to one of the termini, and the M13 peptide is attached to the other. In the presence of Ca2+, calmodulin binds to the M13 peptide and in some way influences the fluorescence intensity of the sensor. Recently, the photophysics of how this works has become clearer (53). In the case of GCaMP6, the cross section and quantum yield changes very little, but the concentration of the chromophore changes dramatically. The chromophore can exist in a protonated state where it absorbs light at 400 nm, or in an anionic state where it absorbs at 480 nm. The GCaMP6 sensor in the absence of Ca2+ is largely in the protonated state, so it doesn’t absorb, or return fluorescence, when interrogated with 480 nm light. In the presence of Ca2+, the chromophore is rapidly de-protonated and the concentration of anionic chromophore increases dramatically, producing a remarkable increase in 480 nm excited fluorescence. This increase is so large, and so rapid, that this remarkable biosensor has been used to image the activity of thousands of neurons in living brains at remarkable frame rates (54,55). The red fluorescent biosensors appear to work in much the same way (56). A significant advantage of this design is that in the absence of the second messenger, the chromophore resides in a different form that does not absorb the excitation light and does not photocycle or bleach. 
	Since the sensors constructed with circularly permuted fluorescent proteins work by shifting between the neutral and anionic states, it is also true that they can signal through either a decrease in fluorescence or an increase. Using GCaMP6 as an example, the Ca2+ binding causes an increase in the 480 nm excited fluorescence as the chromophore pool shifts to the anionic state. At the same time, the 400 nm excited fluorescence decreases as the pool of protonated fluorophore vanishes. Now there are numerous examples of biosensors that signal through either an increase or decrease in fluorescence excited at a particular wavelength, so it is worth considering the merits of each. Upward-going fluorescent biosensors are particularly useful in applications where photobleaching is anticipated, for example high content imaging or confocal microscopy applications. Downward going sensors offer the experimentalist the opportunity to adjust the acquisition parameters (gain, exposure time, slit width etc.) to place the baseline fluorescence in the most sensitive, or most linear, range of the instrument before beginning an experiment.

Choosing the Right Biosensor, Signal to Noise Considerations

	Fluorescent biosensors can measure the amount of second messenger present in a living cell at any moment in real time. Ideally, the sensor fluorescence is bright, and the change in fluorescence intensity produces a large signal to noise ratio (SNR). There are different ways to calculate the SNR. Here we take a simple approach and define the signal as the amplitude of fluorescence change upon maximal stimulation, and the noise as the standard deviation of the baseline fluorescence before addition of a drug. With the latest generation of bright fluorescent proteins (57), and the large change in fluorescence produced in circularly permuted versions of these proteins, a SNR close to 80 can be observed on standard fluorescent plate readers. Many biosensors, however, are barely detectable on fluorescence plate readers. These can be detected on more sensitive microscopes, and produce SNR values of  8 (58). In choosing a biosensor assay, SNR is one of the most important considerations, and there are several other important considerations that we will discuss in this Chapter. 

Sources of Noise

	In setting up an assay, there are several sources of noise. First, there are many ways of introducing genetically encoded, fluorescent biosensors. Transient transfection is often used, but this introduces a great deal of cell to cell variability in terms of expression. Cells overexpressing the sensor often do not respond, but they contribute to the baseline fluorescence. Viral expression, or stable cell lines, reduce cell to cell variability, thereby reducing noise and improving assay reproducibility.
	Beyond the cells, fluorescence detection typically involves either a photomultiplier tube or a CCD/CMOS camera. In the green fluorescent emission part of the spectrum, these detectors work well, but green auto-fluorescence in many formulations of cell media often diminishes the size of the signal and raises the noise. Automated plate washers that carefully replace the media with a non-fluorescent buffer like PBS are often important in reducing this sort of noise. Red fluorescent sensors are less prone to autofluorescence artifacts, but many PMTs are insensitive in the red, so it is important to match the choice of fluorescent protein with the sensitivity of the detector. Near infrared sensors are currently being developed that may circumvent the problems associated with auto fluorescent media. However, they are not yet mature enough for deployment on automated plate readers, and their emission wavelengths will pose new problems for the PMT detectors on many instruments.

Applying Compounds and Collecting Kinetic Data, How Often Should You Sample, and with What Instrument?

	Ultimately one would like to acquire time course data as quickly as possible, to capture rapid changes in second messenger levels. In practice, there are experimental trade-offs to consider. The more you sample fluorescent cells, the more the fluorophores will photocycle and eventually bleach irreversibly. In the case of Ca2+, PIP2 and DAG signaling, the events occur in seconds, so applying compounds and collecting kinetic data needs to occur in that time scale. The FLIPR (59) and FDSS (Hamamatsu Photonics) plate readers can simultaneously add 384 different compounds and record from all of the wells at the 1 - 4 second intervals necessary to capture the salient features of rapid signaling events. The very transient nature of Ca2+, PIP2 and DAG signaling place constraints on which equipment can deliver the necessary kinetic information. Cyclic AMP and arrestin signaling occur on slower time scales that are well within the capabilities of most automated plate readers. 

Photobleaching
	Fluorescent proteins undergo both reversible and irreversible photobleaching. Some of the proteins visit long lived “dark” states only to return to a fluorescent state later. Irreversible photobleaching occurs as well, which can decrease the sensitivity of the assay. Every time the fluorophore within a fluorescent protein is excited, there is some chance that it will be damaged. Photobleaching can be minimized by: 1) expressing a great deal of the sensor, 2) using as little excitation light as possible, 3) collecting as much of the fluorescent emission as possible with optimized emission filters, and 4) using very sensitive detectors. Very bright, photo-stable fluorescent proteins used in the biosensor examples here, produce large signals and minimize bleaching. However, when they are used in the context of insensitive instruments, or very low expression levels, photobleaching will be significant. 
	Photobleaching is a particular concern when analyzing the time course of the response because it affects the curve shape of the time course. As described in Analyzing Signaling Time Course Data, the shape of the time course can be diagnostic of regulation of signaling mechanisms. If the shape is also affected by photobleaching this will cloud the interpretation of the data. Fortunately, photobleaching can be detected, if there is a sufficient baseline signal of the sensor (i.e. fluorescent signal in the absence of stimulating GPCR ligand). The approach is to run a vehicle control. If the response to the vehicle control falls over time, this indicates photobleaching. While photobleaching is best avoided, it can be accommodated within the kinetic data analysis – an example is shown in Example 2: Ca2+ Mobilization via the AT1 Receptor.


Sample protocols

[bookmark: _Hlk55110873][bookmark: _Hlk57618210]	Numerous biosensors have been developed by many laboratories for measuring GPCR signaling (13,38). In this section we exemplify the measurement of GPCR second messengers using fluorescent biosensors developed and/or distributed by Montana Molecular. These sensors were developed to be straightforward to use by those investigators interested in GPCR signaling but not necessarily well-versed in optical biotechnologies. The sensors are bright, enabling detection using standard plate readers. The sensors are delivered using the viral vector Bacmam, which enables highly reproducible and robust expression in numerous cell types. The protocol described here is generally applicable to fluorescent biosensors developed by other laboratories, although the technical details specific to each sensor will vary. A generalized protocol is shown in Figure 3 and video presentations are at https://youtu.be/S-oHwesM37U and https://youtu.be/lTcOdi9wL9E . The protocols below are designed for rapidly-dividing, immortalized cell lines and work especially well in HEK293 cells. However these sensors are often used in primary cultures and iPSC-derived cell lines. The protocols described here are for 96-well assays and are scalable for 384-well format. The sensors are also compatible with detection by fluorescence microscopy and other imaging systems.
	One common source of variability in live cell biosensor assays is gene expression. One solution to this issue is the BacMam viral expression system, which produces more consistent expression than a plasmid vector and is a good tool for delivering the biosensor to a wide variety of difficult to transfect cell types. The amount of BacMam used is determined from a preliminary titration experiment as described in Timeframe of Response Measurement. A troubleshooting guide is provided in the supplementary file Troubleshooting guide.



Materials

· Biosensor in BacMam vector (specific sensor for each second messenger specified in Table 1)
· HEK293T cells
· Sodium butyrate (an HDAC inhibitor) (500 mM stock solution)
· Cell culture medium: Eagle’s minimum essential media (EMEM) supplemented with 10% fetal bovine serum (FBS) and penicillin-streptomycin
· Assay buffer: Dulbecco’s phosphate buffered saline (DPBS) supplemented with Ca2+ (0.9 mM) and Mg2+ (0.5 mM). (It is very important that the assay buffer is not autofluorescent, which precludes the use of colored tissue culture media which contain indicator dyes.) 
· Microtiter tissue culture plate: Black, clear-bottom, with low autofluorescence, e.g. Greiner Cell Coat (#655946)


Plate Reader

	Examples of automated fluorescence plate readers that are ideal for detecting the fluorescent biosensors discussed here include the Synergy MX and Cytation readers from BioTek Instruments (Winooski, VT); CLARIOStar from BMG Labtech (Cary, NC); Enspire from PerkinElmer (Waltham, MA); FDSS from Hamamatsu Photonics (Bridgewater Township, NJ); and Flexstation and FLIPR from Molecular Devices (San Jose, CA).
	The green fluorescent sensors are best excited with light between 480 - 510 nm, and most of the emission occurs between 515 - 550 nm. The red fluorescent sensors are best excited at 560 nm (550 - 575) and the emission is captured with either 590 nm long pass filters, or very wide band pass emission filters (590 - 660).

[bookmark: _Cell_Culture_and]Cell Culture and Viral Transduction

	The transduction protocol below is for HEK293 cells. It can be modified for CHO cells (in which viral transduction efficiency is often lower) and a protocol is provided in the supplementary file CHO cell transduction.

1. Detach cells using standard trypsinization protocol. Re-suspend cells in cell culture medium and determine cell count.
2. Prepare a dilution of cells at your desired concentration. 100 μl of this cell re-suspension will be required for a single well in a 96-well plate, so prepare enough of the dilution to seed the desired number of wells in the plate. A typical cell number is 50,000 cells per well.
3. Prepare viral transduction reaction. Prepare the transduction solution by mixing the appropriate volume of the sensor BacMam stock (as determined from the titration experiment, see Box 1) with 0.6 μl of the sodium butyrate 500 mM stock solution and add cell culture medium for a total volume of 50 μl per well. Mix gently.
4. Mix the cells from Step 2 with the transduction mix from Step 3 in a 2:1 ratio, preparing sufficient volume for all the wells of the assay and the dead volume. Mix gently, then dispense 150 μl into the wells of the 96-well plate.
5. Cover plate to protect from light and let rest at room temperature for 30 minutes.
6. Incubate cells for 20-24 hours under normal growth conditions (5% CO2, 37°C), protected from light.




[bookmark: _Assay_for_Signal]Assay for Signal Transduction

1. Replace culture medium with 150 μl assay buffer and leave at room temperature for 30 min. During this time, inspect cells for cell health.
2. Immediately before addition of stimulating compounds, measure the baseline fluorescence intensity in all the wells at multiple time points for five minutes. This baseline recording is necessary for the data normalization step in Data Normalization below.
3. Add stimulating compound to the wells in assay buffer in a volume of 50 μl, and immediately commence reading the fluorescence intensity. Measure repeatedly, with the read frequency appropriate for the time course of the response (see Timeframe of Response Measurement).
4. Continue reading fluorescence intensity until the response level has stabilized or decayed back to baseline.

[bookmark: _Data_Normalization]Data Normalization
	The raw data generated by the reader is fluorescence intensity in relative light units. It is standard practice in the biosensor field to normalize these data before they are further analyzed (Figure 4). The type of normalization used is normalization to baseline. Baseline means the fluorescence intensity before the addition of a stimulating ligand. (This is why the baseline is recorded, as described in Assay for Signal Transduction.) The average of the fluorescence intensity readings before ligand addition is taken as the baseline (Figure 4). Then the fluorescence intensity after ligand addition is divided by this mean baseline signal (Figure 4). This metric is described as “Fluorescence normalized to baseline“ and is often termed F / F in the biosensor literature. The data are handled in this way because it enables a convenient intra-well control, minimizing error due to any slight well-to-well differences in the number of cells or amount of sensor.
[bookmark: _Hlk55113810]	Biosensor responses can sometimes be difficult to interpret because of the use of downward sensors (which decrease in signal as the analyte increases) and also because some GPCRs signals are inhibitory (for example the decrease of cAMP produced by Gi). We advocate normalizing the data in such a way that the signal value reflects the concentration of the analyte being detected. In other words, the direction of the sensor data should be the same as the direction of the analyte concentration. This means that for downward sensors we convert the downward baseline-normalized fluorescence values to upward values. In this way, an increase of the signaling analyte is represented by an increase of the biosensor response value. The conversion can be done as follows:
[bookmark: _Hlk55113820]

This formula yields upward data with baseline equal to 1.
	This normalization recommendation means that when the signal itself is inhibitory, e.g. inhibition of cAMP by Gi, the signal will decrease in response to the agonist. This results in the Y value of the time course decreasing over time (see for example Figure 5).
 

[bookmark: _Timeframe_of_Response]Timeframe of Response Measurement

	The timeframe of the response varies considerably between the signaling molecules being measured, the receptor being tested, and the host cell type. Because it is being measured in live cells in real time, the signal is susceptible to the cellular mechanisms that change the signal over time. Some signaling analytes are transient - they are rapidly cleared by the cell and the duration of the signal is short (for example, Ca2+ and DAG, which can be cleared within a couple of minutes, Figure 6). For these analytes, it can be erroneously concluded there is no signal if the biosensor response is measured at 10 minutes as the first time point; by this time, Ca2+ and DAG are usually completely cleared (Figure 6). This exemplifies that some knowledge of the signaling time course is required when using the sensor for the first time. Fortunately, the typical time ranges are well established for the familiar signaling molecules measured in this study (cAMP, DAG, PIP2 and Ca2+). The time ranges are given in Table 1 and illustrated in the graphs in Figures 4-6.
	Another aspect of the timeframe is that it is desirable to record long enough to capture the entire time course curve shape (the waveform), particularly for rise-and-fall curve shapes. This means recording until the level of response has stabilized (or disappeared for transient responses). As detailed in ref. (37), fitting data to a waveform equation can provide estimates of regulation of signaling rate constants such as the rate of receptor desensitization. This requires the entire waveform to be collected, for example, for the level of the plateau to be well defined (Figure 6B and D). It is recommended the data be collected for as long as possible (given there is no extra cost using this continuous read modality), within the constraints of cell health, environmental control of the cells, and photobleaching.

Determining Amount of Biosensor in a Titration Experiment
	The optimal amount of biosensor is dependent on numerous experimental variables including the cell type, plate format, and GPCR type. This variability is too great to permit a single amount of sensor to be recommended, however an initial titration experiment is done to determine the optimum number of virus units applied in the transduction step. A stock solution is supplied with commercially-available kits that is within range of the optimum for most applications. The titration experiment applies various volumes of this stock in order that the optimum volume can be determined. The experiment is detailed in Box 1.
cAMP biosensor properties

Gs Assay

[bookmark: _Hlk55111329]	In the cAMP signaling cascade, GPCRs stimulate cAMP production by first activating Gs-family G-proteins, which then go on to activate adenylyl cyclase, resulting in the production of cAMP. Numerous biosensors have been developed for detecting changes in cAMP concentration in living cells (13,38,60). These typically couple a protein that naturally binds cAMP with a second module that transduces cAMP binding into a light signal. Examples include the cADDis sensor family (61) (“cAMP difference detector in situ”). These sensors incorporate red or green fluorescent proteins into the cAMP-binding protein EPAC2 (Figure 2). Binding of cAMP causes an increase or decrease of fluorescence intensity, depending on the sensor variant (listed in Table 1). These sensors are very bright, and designed to be used in plate-based assays for drug discovery applications, such as lead optimization. The performance of the cADDis sensors has been evaluated using the Z’ statistic. Typically, values of 0.6-0.9 have been observed. One important difference between biosensor assays and the more traditional endpoint measurements of cAMP is the absence (typically) of phosphodiesterase inhibitors when using biosensors. This enables the kinetics of cAMP to be detected in a more physiological context.
	Representative data for the sensor Red Up cADDis are shown in Figure 4, for cAMP production via the V2 vasopressin receptor stimulated by vasopressin. Before addition of the vasopressin, the average fluorescence intensity was 11,727 relative light units (RLU) (Figure 4A). After addition of vasopressin the fluorescence intensity increased. The time course shape was an exponential association curve - there was an initial rapid increase then the rate slowed then finally the fluorescence intensity approached a plateau (Figure 4A). The highest fluorescence intensity at the plateau was 16,431 RLU. The data were normalized to baseline as described in Data Normalization. The time course of baseline-normalized fluorescence is shown in Figure 4B, indicating an increase from 1.0 (the baseline) to 1.41 at the plateau.
	The timeframe of the V2 receptor response was about 20 minutes (Figure 4). The initial rise phase took place within the first 2 min and the plateau was reasonably well defined 20 min after ligand addition. The frequency of measurement was every 30 seconds in this experiment, which was sufficient to capture the waveform. For complete kinetic analysis, 30 second reads for 60 minutes is sufficient to capture the signaling dynamics for most Gs responses. In some cases, the curve shape is a rise-and-fall curve, where the fluorescence intensity rises to a peak then declines, either to a new plateau (Figure <?escape?>8D) or to zero (Figure <?escape?>8C).
	Detailed protocols and videos can be found at the following links:
Green cADDis sensor: www.montanamolecular.com/live-cell-camp-assay-caddis/green-caddis-camp-protocol/
Red cADDis sensor: www.montanamolecular.com/live-cell-camp-assay-caddis/red-caddis-camp-protocol/


Gi Assay

	As is well known, some GPCRs inhibit the production of cAMP. This results from the GPCR activating Gi-family G-proteins, which go on to inhibit adenylyl cyclase activity. cAMP biosensors have been used to record this inhibition of cAMP production resulting from Gi signaling. The assay requires the presence of a stimulating agent that generates a cAMP signal, which can then be inhibited by Gi-activated receptors. The stimulating agents typically used include forskolin, which binds adenylyl cyclase and activates it; and isoproterenol, which generates cAMP via the Gs pathway activated by the 2 adrenergic receptor (endogenously expressed on most cell types, including HEK293 cells).
	An example employing forskolin is shown in Figure 5, for the Gi-coupled nociceptin/orphanin FQ NOP receptor. Forskolin stimulates cAMP production, then upon addition of the receptor agonist NOFQ there is a dose-dependent reduction of cAMP (Figure 5). Traditionally in cAMP assays, forskolin and the receptor ligand are added simultaneously, or there is a short pre-incubation with forskolin. While this approach works for end-point assays, for kinetic analysis experiments it is best to pre-incubate with forskolin until a steady-state of cAMP has been reached, and then add the test compound. (Determining this is readily achievable using the continuous-read capability of the biosensors - the plate is simply left in the reader and the signal observed until the plateau level of cAMP response has been reached.) This is shown in the time course data in Figure 5. This greatly simplifies the kinetic data analysis because it removes the kinetics of forskolin activity from the equations (since this activity has reached steady-state when the test compound is added).
	An alternative method is to employ a constitutively-active Gs G-protein to stimulate cAMP production (62). The day before assay, cells are co-transduced with the cAMP biosensor and a mutant Gs alpha protein that tonically activates adenylyl cyclase. There are pros and cons with this method. It is unfamiliar to most investigators and it requires more assay development to optimize expression of both biosensor and mutant Gs. However, for those investigators committed to quantifying the kinetics of Gi signaling, it offers the substantial benefit to assay workflow of avoiding the pre-incubation with the forskolin step; the test compound is simply applied by itself and Gi activity recorded by the reduction of the tonically-elevated cAMP produced by the mutant G-protein.
	A detailed Gi assay protocol and video is at the following link: www.montanamolecular.com/live-cell-camp-assay-caddis/green-gi-caddis-camp-protocol/

 

Calcium Signaling Pathway Biosensors
	
[bookmark: _Hlk55111394]	GPCRs stimulate Ca2+ signaling pathways via Gq/11-family G-proteins. In this pathway, shown in Figure 6A, the G-protein activates the enzyme phospholipase C, which converts its substrate phosphatidylinositol 4,5-bisphosphate (PIP2) to inositol 1,4,5-trisphosphate (IP3) and diacyglycerol (DAG). IP3 then binds to and opens Ca2+ channels in the endoplasmic reticulum, resulting in a rapid, large increase in cytoplasmic Ca2+ concentration. Numerous biosensors have been engineered to detect the signaling molecules in this pathway, including PIP2, DAG and Ca2+ (13,38). 
	Three biosensors for this pathway are shown in Figure 6. The PIP2 sensor (Figure 6A) is formed of dimerization-dependent green fluorescent proteins (48) (Green PIP2, Table 1). The DAG sensor (Figure 6B) is formed of the DAG substrate PKC𝛿 fused to a circularly permuted green fluorescent protein (63) (Green Up DAG, Table 1). The Ca2+ sensor GECO (Figure 6C), developed by Campbell and colleagues, is formed of calmodulin, the M13 peptide, and circularly permuted mApple (64) (Red GECO, Table 1). The choice of sensor will be dependent on issues including the research question, therapeutic relevance in a compound screen, sensitivity for detecting partial agonists, and assay performance for the GPCR target. Of interest, these sensors can be multiplexed, i.e. two sensors can be expressed in the same cells, and this allows simultaneous interrogation of two points on the same pathway (63).
	The time course of the sensor response for all three sensors is both short and reversible (Figure 6B-D). These are transient responses, not accumulation responses, so care must be taken to collect the data in the appropriate time range. DAG and Ca2+ increase in response to agonist, whereas PIP2 decreases because it is the substrate for PLC. The first phase is very rapid, occurring within seconds, so if possible time points should be collected on the second timescale (see Figures 6, <?escape?>11 and <?escape?>12). For accurate quantification of the kinetics by curve fitting (see Analyzing Signaling Time Course Data) we have used a recording frequency of 0.25 seconds using a plate reader (Figure <?escape?>12). The DAG and Ca2+ response peaks and then rapidly declines. The PIP2 response troughs and then rises. For DAG and Ca2+ the response returns either to baseline or close to it (Figure 6C,D), whereas for PIP2 the response approaches a plateau (Figure 6B). The whole signaling event is complete within 2-5 minutes. 
	Detailed protocols and videos are available at the links in Table 1.
 


[bookmark: _Arrestin_Sensor]Arrestin Sensor

	The arrestin proteins are principal regulators of GPCR signaling (14,18) . Arrestins can block G-protein signaling and in this way prevent overstimulation of the cell, through the classical process of receptor desensitization. In this process, the agonist-bound GPCR becomes phosphorylated by kinase enzymes and subsequently interacts with arrestin. Arrestins can also mediate downstream signaling, acting as scaffolding proteins to recruit signaling molecules such as extracellular signal–regulated kinase, or translocating the receptor to endosomes to enable persistent signaling  (19,65).
[bookmark: _Hlk55111967]	Numerous assays for measuring the arrestin pathway have been created (66). Resonance energy-transfer sensors have been utilized, for example refs (11,67). The direct fluorescence modality described in this chapter is ideal for measuring the kinetics of receptor-arrestin interaction. We developed a sensor that directly reports receptor-arrestin interaction, in which the receptor interaction changes fluorescence intensity of a modified arrestin-3 ( arrestin-2) incorporating the fluorescent mNeonGreen protein (Figure 7A) (29). There is no time delay between the interaction event and the signal generation, the signal generation by the fluorescent protein occurring almost instantly. This is in contrast to enzyme complementation or reporter gene assays where there is a temporal disconnect between the interaction and the signal recording, and BRET-based assays where it can take time for sufficient light to build up to be measured robustly. The continuous read capability of the fluorescence modality enables the kinetics to be efficiently recorded. However, the absence of signal amplifying steps in this direct measurement of arrestin interaction impacts arrestin sensor sensitivity. Robust windows of response have been recorded in plate readers for GPCRs that strongly couple to arrestin (e.g. the AT1 receptor), while the responses are smaller for GPCRs known to couple more weakly (2 adrenergic receptor) (29). Further optimization of the arrestin sensor is ongoing, and needed to increase the signal for weaker interactions.
	Figure 7B shows the data obtained with the arrestin sensor and the AT1 receptor, in response to AngII. Arrestin recruitment rises rapidly at first then approaches a plateau for this receptor. The rise phase occurs within a couple of minutes and the response reaches steady state within 20 minutes of application. A read interval of 30 seconds and a read time of up to 60 minutes captures the waveform of arrestin recruitment for most receptors examined. (In some cases the signal declines from a peak.) The robustness of the sensor response has been quantified using the Z’ statistic. For the AT1 receptor, Z’ values approaching 0.9 have been obtained.





[bookmark: _Analyzing_Signaling_Time][bookmark: _Hlk80267091]Analyzing Signaling Time Course Data

The goal of this section is to demonstrate how to measure the initial rate of signaling and the k parameter (initial rate stimulated by agonist-bound receptor). This requires an explanation for why we use the initial rate analysis; a description of the curve shapes encountered in the time course data for GPCR signaling; and an overview of how the initial rate can be estimated by curve fitting.

Why Use the Initial Rate?

	The biosensor technology enables the time course of signaling to be measured in an efficient, streamlined manner. Now a data analysis method is required in order to reduce the time course data set to useful drug parameters that describe the kinetics of signaling. This reduction strategy is familiar in pharmacology generally. For example, concentration-response data are analyzed using the sigmoid curve equation, reducing the dataset to the pharmacological parameters EC50 and Emax (68). A useful parameter that can be extracted from time course data is the initial rate of signaling, analogous to the initial rate of enzyme activity  (37). This parameter has several benefits. First, it is biologically-meaningful, being the initial burst of signaling by the receptor. Second, it can be measured regardless of the shape of the time course, providing a common metric across different responses (e.g. Ca2+ mobilization and arrestin recruitment, see below). Third, from a receptor theory perspective it is likely a pure efficacy parameter, being minimally impacted by regulation of signaling mechanisms that impact the later part of the time course. Finally, from a practical perspective the initial rate is a familiar concept for investigators who learned the basics of enzyme kinetics in undergraduate biochemistry courses.
	
Time Course Curve Shapes

	Kinetic data take the form of time course plots, where activity is measured over a range of time points. Analyzing time course data is more complicated than analyzing concentration-response data. The latter conform to just a single curve shape, the sigmoid curve, which is almost universally analyzed using the sigmoid curve equation. By contrast, time course data do not conform to a single shape. Fortunately, however, the number of shapes is limited to just four (37). Two of these are familiar, and all four are amenable to analysis in standard curve-fitting software. The four curve shapes for responses that initially increase are shown in Figure 8 and are:
1. The straight line. Response increases continuously over time, without limit (Figure 8A).
2. The association exponential curve. Response increases rapidly at first, then slows, then approaches a limit at which the level of the response remains constant over time (Figure 8B)
3. The rise-and-fall to baseline curve. Response rises to a peak, then falls, eventually declining to the baseline response before addition of ligand (Figure 8C).
4. The rise-and-fall to steady-state curve. Responses rises, peaks, then declines to a steady-state level that is above the baseline (Figure 8D).

[bookmark: _Hlk55116351]	Different formats of these curve shapes are often observed and a comprehensive list of the formats and equations is provided in the supplementary file Time course equation list. First, descending versions of these four curve shapes are observed when the receptor stimulates a decreases of signaling molecules / responses, e.g. inhibition of cAMP by Gi stimulation (Figure 5). Second, there is usually a baseline run-in period in biosensor assays (before the addition of receptor agonist) and this can be incorporated into the equation used to analyze the data (see below). Finally, occasionally the baseline drifts upwards or downwards over time and this too can be incorporated into the analysis (see Example 2: Ca2+ Mobilization via the AT1 Receptor). These equations are available in Prism templates which can be downloaded from this Google Drive.




	
	The time course curve shape is sculpted by regulation of signaling mechanisms (37,69-71). GPCR signaling is regulated, to limit the level of response and prevent over-stimulation of the cell. The canonical mechanisms are receptor desensitization (14,18) (involving receptor phosphorylation and arrestin binding) and signal degradation (for example, metabolism of second messengers, such as breakdown of cAMP by phosphodiesterases (72)). The shape is dependent on the number and nature of the regulation mechanisms (37). Without regulation, the signal increases indefinitely (the linear profile). A single regulation mechanism limits the signal to an association exponential curve - rather than continuing indefinitely, the signal level reaches a steady-state. When both mechanisms are in operation, the rise-and-fall curve results - the signal is transient, peaking then falling to zero. More complicated mechanisms result in the rise-and-fall to steady-state curve, including signaling by internalized receptors and receptor resensitization (37).


Equations Defining the Time Course Curve Shapes

	Each of the curve shapes is defined by an equation that can be used to fit the data. The equation contains parameters that define the curve. The curve fitting procedure provides fitted values of these parameter values. These values are then used to calculate the initial rate. The equations are used in familiar curve fitting software, e.g. Prism (GraphPad Software, Inc.), SigmaPlot (Systat Software, Inc.) and XLfit (ID Business Solutions Ltd.). They are either built-in or can be entered as user-defined equations. In this chapter we exemplify the analysis methods using Prism version 8, but they can be applied using any suitable curve-fitting program. The general form of the equations are written below and a complete set of equations is provided in the supplementary file Time course equation list. Note the equations are likely to be formatted slightly differently depending on the software used. Note also the baseline (i.e. signal without ligand) is assumed to be constant over time in the equations immediately below. (Equations that allows for baseline drift, as may occur with photobleaching, are in Example 2: Ca2+ Mobilization via the AT1 Receptor.) The equations are:

Straight line (Eq. 1):
	
Eq. 1
where Y is response, Slope is the gradient of the line and t is the time of response measurement. Baseline is the response in the absence of ligand.

Association exponential curve (Eq. 2):

	
Eq. 2
where SteadyState is the steady-state response, specifically the ligand-specific response as time approaches infinity. Note the Y asymptote value (as time approaches infinity) is SteadyState + Baseline. k is the observed rate constant in units of t-1.

Rise-and-fall to baseline curve (Eq. 3):

	
Eq. 3
where C is a fitting constant in units of Y units.t-1 and k1 and k2 are observed rate constants in units of t-1.

Rise-and-fall to steady-state time curve (Eq. 4):

	
Eq. 4
where D is a fitting constant (that is unitless).

Note the equations are for responses that initially rise over time. The corresponding equations for responses that initially fall over time are in the supplementary file Time course equation list.
	Many of the equations are not included as built-in equations in curve fitting software and instead are entered as custom equations. This is easy to do in the program Prism and an overview of the custom equations and how they are entered is provided in the supplementary files Time course equation list and Loading equations into Prism from a file. Prism files containing all the equations can be downloaded from this Google Drive.


Curve Fitting Strategy for Measuring the Initial Rate

	The familiar method for measuring the initial rate is to examine the time course and then select the “linear portion of the curve”, that region of the time course at the earliest time points when the response increases linearly over time. Unfortunately, this method does not work well for GPCR signaling because the response rapidly deviates from linearity, owing to regulation of signaling mechanisms (37). A second issue is that manual selection of the linear time points is not suitable for high-throughput analysis and is prone to selection bias. An alternative method, described here, utilizes the whole time course data set and comprises two parts (37). First, the whole time course data set is fit to the relevant time course equation and the fitted parameter values obtained. Second, the fitted parameter values are entered into a formula that calculates the initial rate value. These initial rate values are then used to calculate k. This process is summarized in Table 2 and exemplified below using biosensor time course data. Step-by-step guides for how to do the analysis in Prism are provided in supplementary files.
 The formulas for calculating the initial rate from the curve fit parameter values are:

Straight line initial rate (Eq. 5):
					Eq. 5

Association exponential curve (Eq. 6):
 				Eq. 6

Rise-and-fall to baseline curve (Eq. 7):
 					Eq. 7

Rise-and-fall to steady-state time curve (Eq. 8):
		 Eq. 87


Data Normalization and Entry Into Curve-Fitting Program

The steps involved in the initial rate determination are given in Table 2. The first step is normalizing the data to a format appropriate for the analysis. The raw fluorescence intensity data is normalized to baseline, as described in Data Normalization. If a downward sensor is used, the data are converted to upward data, as described in Data Normalization. 
Next, the data are entered into the curve-fitting program. In the data table, the x values are time and the y values are the baseline-normalized fluorescence intensity data. The data for different ligand concentrations are entered in separate y columns. This is shown for Prism in the step-by-step analysis guides in the supplementary files.



[bookmark: _Association_Exponential_Curve]Association Exponential Curve Fitting, Initial Rate Calculation and k Determination

The most-commonly observed time course shape is the association exponential curve (Eq. 2). This waveform can be easily analyzed using equations built in to familiar curve-fitting software. Here we employ Prism (version 8). This program has a built-in association exponential equation analogous to Eq. 1. The basic equation is termed “One-phase association.” We advocate the use of a slightly more advanced equation, also built into the program, termed “Plateau followed by one phase association.” (73) This equation allows for a run-in time during which the baseline is measured prior to the application of ligand to the cells, the standard data collection method for biosensors. The equation (Eq. 9) is defined as follows:

	
Eq. 9

Y is the signal level, X is time, X0 is the signal initiation time (the time at which the signal starts to rise), Y0 is the baseline signal before application of ligand, Plateau is the total signal level at steady-state (the level at the right-hand plateau/asymptote as time approaches infinity), and K is the observed rate constant. Prism calculates a parameter termed “Span” which we will use – it is the Plateau minus the Y0 value and is equivalent to SteadyState in Eq. 2. (Also note that Y0 in the Prism-formatted Eq. 9 is the same as Baseline in Eq. 2.) 

[bookmark: _Example_1:_cAMP]Example 1: cAMP Signaling

The data analysis is demonstrated using data for cAMP generated by the V2 vasopressin receptor (Figure 9). cAMP generation was stimulated by oxytocin at multiple concentrations and cAMP detected using the Red Up cADDis sensor. The curve fitting protocol is described in detail in the supplementary file Association exponential analysis. In brief, data for each concentration of oxytocin are analyzed using the “Plateau followed by one phase association” equation. The value of X0, the signal start time, is floated in the analysis, i.e. it is a fitted rather than a fixed value. This is recommended, in order to accommodate imprecision in the precise ligand addition time, and to accommodate any delay between ligand addition and signal initiation. The initial value for X0 is entered manually. The analysis is then run, and the fitted values are then inspected (see supplementary file Association exponential analysis, page 16). For the data in Figure 9, this indicated the fit was reasonable for the higher concentrations (R2 > 0.9 for 0.1 – 100 nM). The fit was poor for the lowest concentrations (R2 = 0.48 - 0.74 for 0.0032 to 0.032 nM) because there was minimal signal generated.
The next step is the calculation of the initial rate. This is done using using Eq. 6.



What we are doing here is multiplying the rate constant by the ligand-specific signal increment at the plateau. Note the SteadyState term is the plateau Y value minus the background – it isn’t the plateau Y value. In terms of the Prism equation format, this equation is: . The values of K and Span are the fitted values from the curve fits. (Span is calculated from the fit parameters Y0 and Plateau, as Plateau – Y0). For example, in Figure 9 at 100 nM oxytocin, the K value is 0.37 min-1 and the Span value is 0.74. The initial rate is now calculated by multiplying K by Span, per Eq. 6. For 100 nM this gives the initial rate value of 0.27 normalized fluorescence units per min (NFU per min). This initial rate is illustrated by the dashed blue in in Figure 9. Initial rate values for the other concentrations are given in Figure 9.


 

The final step is the determination of k, which is the initial rate at a maximally-effective concentration of ligand. This is done by analyzing the concentration-response for the initial rate, detailed in the supplementary file Association exponential analysis. The initial rate values are entered into a data table (y values). The corresponding ligand concentration is entered as the logarithm of the concentration (x values). The data are then fit to a standard sigmoid curve logistic equation by nonlinear regression (“log(agonist) vs. response -- Variable slope (four parameters)” (74)) (Figure 9). The “Bottom” parameter, the lower plateau, is fixed to zero, since by definition the initial rate is zero in the absence of ligand. From this fit the k value can be determined - it is simply the value of “Top”, the y value at the upper, right-hand plateau of the curve. This gives a k value of 0.283 normalized fluorescence units.min-1 (Figure 9). 


Example 2: Arrestin Recruitment

A second example of the analysis is arrestin recruitment via the AT1 receptor. The arrestin sensor (see Arrestin Sensor) was used with five AT1 receptor ligands to quantify kinetics of arrestin recruitment by full and partial agonists (Figure 10), as described in ref (29). Here ligands were tested at a single maximally-stimulating concentration (32 μM). This enables efficient assessment of ligand efficacy, i.e. maximal effect (though at the expense of measuring ligand potency). In this example of a downward sensor, data were were first normalized to be upward, to represent the stimulation of arrestin recruitment, using the equation from Data Normalization:

[bookmark: OLE_LINK6]

[bookmark: OLE_LINK10]The upward time course data were then fit to the association exponential equation (Eq. 9), using Prism as described above (Example 1: cAMP Signaling). This yielded the fitted parameter values for the rate constant K and the steady-state response above background (SteadyState, or Span in Prism), values given in Figure 10). From these parameters the initial rate was calculated, by multiplying K by Span (Figure 10). The dashed lines in Figure 10 indicate the initial rate. From these values k is determined. In this case, k is simply equal to the initial rate because k is the initial rate at a maximally-stimulating concentration of ligand, the concentration used in this experiment. The resulting k values, given in Figure 10, ranged from 0.36 NFU per min for AngII to 0.16 NFU per min for SII. The value of SII indicates the ligand is a partial agonist; the SII-occupied receptor elicited arrestin recruitment at an initial rate only 45% of that produced by AngII. Interestingly, this partial agonism is not evident if an endpoint approach is used to quantify the data - by the time the signal has fully formed, at 10 min after ligand application (at the plateau), SII is almost as effective as AngII (Figure 10). This fact is relevant to the quantification of biased agonism (Simplifying Biased Agonism Assessment Using Signaling Kinetics).

 


Rise-and-Fall to Baseline Curve Fitting, Initial Rate Calculation and k Determination

The rise-and-fall to baseline curve (Figure 8C) describes the time course for numerous biosensor responses. It is the familiar curve shape in Ca2+ mobilization assays. These data can be fit to determine the initial rate of signaling. The same general process is used as described above for the association exponential curve (Association Exponential Curve Fitting, Initial Rate Calculation and k Determination). The time course data are fit to an equation, in this case Eq. 3, and the fitted parameter values used to calculate the initial rate and k. Two examples are shown here, DAG production and Ca2+ mobilization (both via the AT1 receptor). The latter employs an equation that accommodates a technical issue in biosensor experiments, baseline drift.

Example 1: DAG Production via the AT1 Receptor

	In this experiment, rather than a concentration-response being run, a single, maximally-stimulating concentration of ligand was used, to quantify ligand efficacy. In Figure 11, this is shown for the endogenous ligand AngII and for a synthetic ligand TRV055 (data from ref (29)). DAG was detected using the Red DAG sensor. Visual inspection indicates the response rises steeply, then peaks, followed by a decline back down to the baseline level before addition of ligand. The data were fit to Eq. 3. This equation is not a built-in equation in Prism and so needs loading in as a user-entered equation. The simplest way to load the equation is to load it from a file that already contains it, and such a file is provided in the supplementary file Rise-and-fall equations. The equation is loaded in as described in the supplementary file Loading equations into Prism from a file.
The equation used is named “[Pharmechanics] Baseline then rise-and-fall to baseline time course” and is formatted as follows (Eq. 10):

	
Eq. 10

Note this equation is extended to include the run-in period before the start of the signal (at X0), using an IF statement, as described for Eq. 9 above. The AT1 DAG data were fit to this equation (Figure 11). The fitting protocol is described in detail in the supplementary file Rise-and-fall to baseline exponential equation. The value of X0, the signal start time, was floated in the analysis, and its initial value was entered manually. The fit to the equation was reasonable (R2 = 0.98 for both AngII and TRV055, Figure 11).
	The value of the initial rate is then determined. This is particularly easy for the rise-and-fall to baseline equation - the initial rate is simply equal to the fitted parameter C. These initial rate values are indicated in Figure 11. Now the k value can be determined. Since a maximally-stimulating concentration of ligand was used in this experiment, k is equal to the initial rate at this concentration. In other words, k is equal to the value of C (indicated in Figure 11). Now we can determine the relative efficacy of the two ligands AngII and TRV055 using the k value, by dividing the value by that for AngII. The resulting efficacy values are 100% for AngII (by definition) and 130% for TRV055 (Figure 11). This result indicates TRV055 had a higher efficacy than AngII in terms of the initial rate for Ca2+ mobilization, indicating TRV055 was a superagonist.

 



[bookmark: _Example_2:_Ca2+]Example 2: Ca2+ Mobilization via the AT1 Receptor

In this example, there was a slight drift of the baseline response over time. This is a common technical issue in biosensor experiments. It can arise from photobleaching or slight environmental changes over time. Fortunately, the analysis can be slightly modified to incorporate baseline drift. 
The example is Ca2+ mobilization via the AT1 receptor (29). In the experiment, five ligands were tested at a maximally-stimulating concentration, with Ca2+ detected using the Red GECO sensor. The ligands were AngII, TRV055, TRV045, TRV026 and SII. The time course data are shown in Figure 12. Close visual inspection indicates baseline drift - the response at late time points is slightly lower than the response before the addition of ligand. This can be handled by slight modification of the equation used to analyze the data. Eq. 10 is modified to incorporate a baseline drift term, giving Eq. 11:


	
Eq. 11

“Drift” is the slope of the change of Baseline over time. Note Baseline is the Y value when X is zero, i.e. is the Y intercept. The equation is a user-defined equation that can be loaded from the file Rise-and-fall equations. The equation is loaded as described in the supplementary file Loading equations into Prism from a file.
	 The AT1 Ca2+ mobilization data were fit to this equation (termed “[Pharmechanics] Baseline then rise-and-fall to baseline time course with drift” in Prism) (29). The fitting protocol is described in detail in the supplementary file Rise-and-fall to baseline exponential equation with baseline drift. The value of X0, the signal start time, was floated in the analysis, and its initial value was entered manually. The fit to the equation was reasonable (R2 > 0.97 for all five ligands). The k value is equal to C, since C is the initial rate and a maximally-stimulating concentration of ligand was applied. These values are given in Figure 12. The k values can be normalized to AngII to obtain a measure of relative efficacy (Figure 12). This showed TRV055 was slightly more efficacious than AngII (120%) and that the other ligands were partial agonists, with activity ranging from 9 - 33% (Figure 12). These data are used in the assessment of biased agonism for the AT1 receptor, as described in Simplifying Biased Agonism Assessment Using Signaling Kinetics below.



 




Rise-and-Fall to Steady-State Curve Fitting

	Often in rise-and-fall type responses the signal falls to a plateau that is above the baseline signal (as opposed to falling back to baseline) (Figure 8D) (37). This type of response can be analyzed with a modified form of the rise-and-fall equation (Eq. 4). The initial rate of the rise phase and k can be determined by applying a formula to the fitted parameter values.
An example of this waveform is shown in Figure 13, the cAMP response to isoproterenol via the 2 adrenoceptor endogenously expressed in HEK293 cells. A maximally-stimulating concentration of the agonist isoproterenol was used (20 M). The data were fit to Eq. 4 using Prism. This equation is not built into the program so needs loading in as a user-defined equation. This can be done simply from the Rise-and-fall equations file, as described in the supplementary file Loading equations into Prism from a file. The equation is named “[Pharmechanics] Baseline then rise-and-fall to steady state time course” and is formatted as follows (Eq. 12):

	
Eq. 12

Note this equation is extended to include the run-in period before the start of the signal (at X0) as described for Eq. 9 above (Association Exponential Curve Fitting, Initial Rate Calculation and k Determination). The cAMP data were fit to this equation. A step-by-step guide is provided in the supplementary file Rise-and-fall to steady state analysis. The value of X0, the signal start time, was floated in the analysis, and its initial value was entered manually. The fit to the equation was good (R2 = 0.997).


 

	Now the initial rate value is determined. This requires application of a formula to the fitted parameter values. The formula is Eq. 8:

[bookmark: OLE_LINK5]

Note SteadyState is the ligand-specific steady-state response (ligand-stimulated increment above baseline) and D is the fitting constant. Applying this formula to the data in Figure 13 gave an initial rate value of 0.36 NFU.min-1. k is equal to this initial rate, since a maximally-stimulating concentration of ligand was used.
[bookmark: _Simplifying_Biased_Agonism][bookmark: _Hlk80267202]Simplifying Biased Agonism Assessment Using Signaling Kinetics
	GPCRs activate multiple signaling pathways and regulatory events. In GPCR drug discovery, it is desirable to activate pathways that mediate a desired therapeutic outcome, and to avoid or block stimulating pathways that lead to side effects and/or attenuate therapeutic efficacy. This pathway-selective activation by a ligand is described as biased agonism (reviewed in refs. (31-35)). Broadly-speaking, GPCRs couple to two different signaling/regulatory limbs, G-proteins and arrestins (35). G-proteins activate signaling cascades that elicit the biological effect of the GPCR ligand. Arrestins usually block G-protein signaling, terminating the signal, but can also mediate signaling, often acting as scaffolding proteins that bring signaling partners together (75). Therapeutically, there are examples where it is potentially desirable to selectively activate one of these pathways over the other. For example, for the AT1 receptor, ligands that selectively promote arrestin recruitment without activating G-protein can elicit increased cardiac performance compared with traditional antagonists that do not recruit arrestin (76).

k Bias Ratio Calculation

	Signaling bias is often quantified using ratios of efficacy for the different signaling pathways being compared. More specifically, the strength of signal transduction by the ligand-bound receptor down one pathway is divided by the strength transduction down the second pathway in the comparison (reviewed in ref. (31)). This approach is directly amenable to the initial rate measurement of signal transduction; k is a direct measure of the strength of signal transduction by the ligand-bound receptor. Bias can simply be quantified as the ratio of the k values.
This bias calculation is a simple, two-step process (29) and is exemplified here using the angiotensin AT1 receptor data (Figure 14), comparing arrestin recruitment with Ca2+ mobilization (Figures 10 and 12). The first step is to tabulate the k values for the pathways being compared (Figure 14). Next, the k values are normalized to the k value of a reference ligand. In this case, AngII was used as the reference ligand. The initial rate is expressed as a percentage of that for the reference (k %) and this is done for the multiple pathways being compared (Figure 14, Step 2). For the AT1 receptor, this yields the k % values for arrestin and Ca2+ in Figure 14 (ranging from 45 - 100% for arrestin and 9-120% for calcium).
	The next step is to compare the pathways by calculating the kinetic bias ratio (29). This is done by dividing the k % value for one pathway by the k % value for the other (Figure 14, Step 3). For the AT1 receptor, this gives the k % ratios in Figure 14. The highest arrestin : Ca2+ ratio in this set was 5.0, for SII. This result indicates SII is arrestin-biased by 5.0-fold, relative to AngII. The lowest value was 0.8 for TRV055. This value, being close to 1, indicates TRV055 is unbiased for the two pathways, relative to AngII. These bias estimates obtained using the k method are in good agreement with established methods for quantifying bias (77).
	It is important to note the k method quantifies bias in terms of efficacy but not affinity. More specifically, k defines the efficacy of the ligand-bound receptor to couple with an effector to generate a signal, but does not define the affinity of the ligand for the receptor-effector complex. Bias can be manifest at the level of affinity as well as efficacy; a ligand can bind with different affinity to the receptor in complex with different effectors (31).

Comparison with Existing Methods

	Measuring biased agonism is not trivial. Major advances have been made in applying receptor theory to the data analysis and in training and educating investigators in the calculations. Numerous methods are now available, reviewed in ref. (31). However, challenges remain in quantifying biased agonism. There are three issues that the kinetic analysis presented here can help address. First, the bias estimate can be dependent on the time point at which it is measured (27,30). This problem emerges from the time-dependence of signaling; a ligand can be a partial agonist at one time point and a full agonist at a later time point, resulting in bias at the former time point and no bias at the latter. This is demonstrated by the AT1 arrestin data in Figure 10 - at the early time points on the rise phase SII and TRV045 are partial agonist but later at the plateau the compounds are near-full agonists (relative to AngII). The initial rate approach solves this problem because the rate is the same at all time points. The second issue is the abstract scales that are used to quantify efficacy and biased agonism. The lack of intuitive meaning to these parameters makes it challenging to translate them to in vivo efficacy and to determine how large the bias effect is. The kinetic approach reduces this uncertainty because it is more intuitive - the initial rate is a biologically meaningful parameter and the bias ratio is simply the rate of one pathway relative to another (normalized to a reference ligand). Third, the data analysis methods and procedures involved in quantifying bias can be complex, often involving advanced curve fitting (such as simultaneous fits to multiple data sets) and multiple nested calculations (27,30,31). The kinetic method is simpler; once the initial rate is obtained, bias is simply the ratio of the initial rates for the pathways.



Conclusions

	The timing of GPCR signaling is important in uncovering new mechanisms of signaling and regulation, revealing new spatiotemporal pharmacologic modalities potentially useful for new therapeutic development. Employing this kinetic dimension to drug discovery and receptor research requires straightforward methods to measure the time course of signaling, and tractable data analysis methods to reduce the time course data to meaningful drug parameters. This chapter describes how this can be done using genetically-encoded fluorescent biosensors. The continuous-read modality coupled with the exceptionally efficient workflow of the assay enables high-quality time course data recording. The data are ideally suited for analysis using an enzyme-based kinetic framework. This analysis has been reduced to practice so that any investigator familiar with basic curve-fitting analysis can employ it, as described in the step-by-step analysis guides. The drug parameter obtained, the initial rate of signaling by ligand-bound receptor, is intuitive and familiar, enabling a simplified and parsimonious calculation of biased agonism. These methods enable investigators to explore the kinetic dimension of GPCR signaling in their receptor research and drug discovery projects.
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Figure 1. Assay overview of genetically-encoded fluorescent biosensors for measuring GPCR signaling. DNA for the biosensor is delivered into cells (left) and cells incubated for 24 hours to express the sensor. Medium is replaced with assay buffer and GPCR ligands added to the cells (center). The change in fluorescence resulting from activation of signaling is then measured in an automated plate reader (right).
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Figure 2. Biosensor architecture for cADDis cAMP sensor. The sensor comprises two components - a detector that binds the signaling molecule, and a fluorescent protein that reports when the signaling molecule binds the detector. In this case, the detector is EPAC2, a component of the cAMP signaling cascade. A green fluorescent protein (mNeon Green) is positioned between the signaling and catalytic domains of EPAC2. When cAMP binds, there is a global conformational rearrangement of the two domains and this results in a change in the conformation of the fluorescent protein. This changes the optical properties, in this case a change of the fluorescence intensity, i.e. the amount of light emitted. Thus, the amount of cAMP can be detected by the change of fluorescence intensity, which can be measured in a plate reader or fluorescence imaging system.
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Figure 3. Workflow for GPCR biosensor assay employing sensors in the BacMam expression system. See also videos at https://youtu.be/S-oHwesM37U and https://youtu.be/lTcOdi9wL9E 
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Figure 4 Biosensor data handling. Biosensor data are typically normalized to baseline, shown here for the cAMP biosensor, Red Up cADDis, detecting V2 vasopressin-mediated cAMP production by 100 nM vasopressin in HEK293 cells. A) Time course of raw instrument data from a single well (fluorescence intensity from the BioTek Synergy Mx reader). First, the baseline response was read every 30 sec for 4 minutes. Then the ligand (vasopressin) was added and the plate read at 30 sec intervals for another 19 min. The data are then normalized to baseline as described in Data Normalization - the fluorescence intensity is divided by the baseline (average of the baseline fluorescence intensity values). This gives the normalized data in panel B.	Comment by Author: Y axis legend in B changed to “Fluorescence normalized to baseline”
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Figure 5. Gi signaling kinetics detected using a biosensor: Inhibition of cAMP by the nociceptin/orphanin FQ NOP receptor. The experiment consists of two phases. First, cAMP production is stimulated by forskolin, which directly activates adenylyl cyclase. This phase proceeds until the cAMP has plateaued, i.e. steady-state has been reached. Then the GPCR ligand is added and the decline of cAMP recorded. cAMP was measured using the Green Down cADDis biosensor (Table 1) in HEK293 cells transduced with the NOP receptor. Data were normalized to baseline as described in Data Normalization. (This involved taking the inverse of the baseline-normalized fluorescence values to convert this downward sensor response to an upward cAMP response.) Fluorescence intensity was measured every 30 seconds. The baseline period before addition of forkolin was 4 min and the NOP ligand NOFQ was added at 65 min. 
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Figure 6. Biosensors for the Gq signaling pathway. GPCRs signal through Gq to mobilize Ca2+ into the cytoplasm from the endoplasmic reticulum (A). In this cascade, Gq activates the enzyme PLC, which converts PIP2 to DAG and IP3. IP3 then binds and opens Ca2+ channels in the ER membrane, releasing Ca2+ into the cytoplasm. Biosensors have been developed for multiple signaling molecules in this pathway, including PIP2, DAG and Ca2+ (13,38). Representative data are shown for these three biosensors in panels B-D. Note the level of PIP2 decreases over time as it is being broken down by PLC. B, PIP2 breakdown by carbachol (30 μM) via muscarinic receptors in HEK293 cells. C,D DAG generation and Ca2+ mobilization via AT1 angiotensin receptor in HEK293 cells stimulated by angiotensin (32 μM).	Comment by Author: Y axis legend in B changed to “Fluorescence normalized to baseline”
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Figure 7. Arrestin biosensor. Arrestin-3 was engineered to incorporate a fluorescent protein (mNeonGreen) in a manner that interaction with receptor causes a decrease in fluorescence intensity (this being a downward sensor) (29). The graph shows the arrestin sensor response on interacting with the AT1 receptor in HEK293 cells, stimulated by 32 μM AngII. The data have been normalized to baseline and converted to upward data, reflecting the increase of arrestin interaction with the receptor, as described in Data Normalization.	Comment by Author: Y axis legend changed to “Fluorescence normalized to baseline”
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Figure 8. Time course profile shapes typically observed for GPCRs. For a comprehensive survey, see ref. (37). (a) Straight line. (b) Association exponential curve. (c) Rise-and-fall to baseline curve. (d) Rise-and-fall to steady-state curve. Data for (a) were simulated using Eq. 1 (Slope, 6.6 response units.min-1), (b) with Eq. 2 (SteadyState, 200 response units; k, 0.30 min-1), (c) with Eq. 3 (C, 120 response units.min-1; k1, 0.25 min-1; k2, 0.20 min-1) and (d) with Eq. 4 (SteadyState, 75 response units; D, 25 (note is unitless); k1, 0.25 min-1; k2, 0.20 min-1). The Baseline parameter in each equation was set to zero.
[image: A picture containing table

Description automatically generated]
Figure 9. Initial rate analysis of oxytocin-stimulated cAMP accumulation via the V2 vasopressin receptor, an example of association exponential time course analysis. Time course data on the left were fit to the “Plateau followed by one phase association” equation in Prism (73) (Eq. 9). The analysis gave the fitted values shown for K (the rate constant) and Span (the ligand-specific increment at the plateau). The initial rate (IR) was calculated by multiplying K by Span. The dashed blue line is the initial rate for 100 nM oxytocin. On the right, the initial rate is plotted against the logarithm of the concentration of oxytocin. The data were fit to the sigmoid curve equation “log(agonist) vs. response -- Variable slope (four parameters)” (74) with “Bottom” fixed to zero. The fit parameters are shown in the table. k is equal to “Top.” Detailed description of the curve fitting is in the supplementary file Association exponential analysis. 1, units are min-1; 2, units are normalized fluorescence units; 3, units of normalized fluorescence units.min-1. Data are from ref (37).
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Figure 10. Initial rate analysis of arrestin recruitment to the AT1 angiotensin receptor, an example of association exponential time course analysis. The five ligands were tested at a single concentration that was maximally-stimulating (32 μM). Time course data were fit to the “Plateau followed by one phase association” equation in Prism (73) (Eq. 9). The analysis gave the fitted values shown for K (the rate constant) and Span (the steady-state response above baseline). The initial rate (IR) was calculated by multiplying K by Span. The dashed lines indicate the initial rate. In this case, the initial rate is equal to k because a maximally-stimulating concentration of ligand was used. 1, units of normalized fluorescence units.min-1. Data are from ref (29).
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Figure 11. Initial rate analysis of diacylglycerol production by the AT1 angiotensin receptor, an example of rise-and-fall to baseline time course analysis. Two ligands, AngII and TRV055, were tested at a single concentration that was maximally-stimulating (32 μM). Time course data were fit to Eq. 10 using Prism. This user-defined equation (called “[Pharmechanics] Baseline then rise-and-fall to baseline course”) was loaded as described in the supplementary file Loading equations into Prism from a file. The fit parameters are shown in the table. The initial rate value is equal to the parameter C. The initial rate is indicated by the dashed lines. In this case, the initial rate is equal to k because a maximally-stimulating concentration of ligand was used. Detailed description of the curve fitting is in the supplementary file Rise-and-fall to baseline exponential equation. 1, units of normalized fluorescence units.min-1. Data are from ref (29).
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Figure 12. Initial rate analysis with baseline drift of Ca2+ mobilization by the AT1 angiotensin receptor, an example of rise-and-fall to baseline time course with baseline drift analysis. The five ligands were tested at a single concentration that was maximally-stimulating (32 μM). Time course data were fit to Eq. 11 using Prism. This user-defined equation (called “[Pharmechanics] Baseline then rise-and-fall to zero time course with drift”) was loaded as described in the in supplementary file Loading equations into Prism from a file. The fit parameters are shown in the table. The initial rate value is equal to the parameter C. The dashed lines indicate the initial rate. In this case, the initial rate is equal to k because a maximally-stimulating concentration of ligand was used. Detailed description of the curve fitting is in the supplementary file Rise-and-fall to baseline exponential equation with baseline drift . 1, units of normalized fluorescence units.sec-1. Data are from ref (29).
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Figure 13. Initial rate analysis for a rise-and-fall to steady-state time course, cAMP accumulation stimulated by the 2 adrenoceptor. The receptor was stimulated with a maximally-stimulating concentration of isoproterenol (20 M). cAMP was detected with Green Down cADDis using the Hamamatsu FDSS reader at 2 second read frequency. The downward sensor data was normalized to baseline and converted to upward data as described in Data Normalization. Time course data were fit to Eq. 12 in Prism. This user-defined equation (called “[Pharmechanics] Baseline then rise-and-fall to steady state time course”) was loaded as described in the supplementary file Loading equations into Prism from a file. The fit parameters are shown in the table. The initial rate value was calculated from the fitted parameter values using the formula shown. The initial rate is indicated by the dashed line. In this case, the initial rate is equal to k because a maximally-stimulating concentration of ligand was used. Detailed description of the curve fitting is in the supplementary file Rise-and-fall to steady-state analysis. NFU is normalized fluorescence units.
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Figure 14. k bias ratio calculation steps, exemplified using AT1 arrestin and Ca2+ mobilization data (from Figures 10 and 12).


Table 1. Fluorescent biosensors for GPCR signaling employed in this chapter
	Signal transduction molecule
	Sensor name
	Timeframe of signal
	Protocol link

	cAMP
	[bookmark: _Hlk55131395]Green Down cADDis
	Usually rises to plateau. Sometimes peaks then plateaus. Duration varies, between 10 min and 60 min. See Figure 4.
	www.montanamolecular.com/live-cell-camp-assay-caddis/green-caddis-camp-protocol/

	cAMP
	Green Up cADDis
	
	

	cAMP
	Red Up cADDis
	
	www.montanamolecular.com/live-cell-camp-assay-caddis/red-caddis-camp-protocol/

	Diacylglycerol
	Green Down DAG
	Peaks then declines to zero or a lower plateau. Typical duration of 2-5 min. See Figures 6C & <?escape?>11.
	www.montanamolecular.com/dag-assay-kit/green-dag-protocol/

	Diacylglycerol
	Green Up DAG
	
	

	Diacylglycerol
	Red Down DAG
	
	www.montanamolecular.com/dag-assay-kit/red-dag-protocol/

	Diacylglycerol
	Red Up DAG
	
	

	Phosphatidylinositol 4,5-bisphosphate
	Green PIP2
	Peaks then declines to zero or a lower plateau. Typical duration of 2-5 min. See Figure 6B.
	www.montanamolecular.com/pip2-assay-kit/green-pip2-protocol/

	Phosphatidylinositol 4,5-bisphosphate
	Red PIP2
	
	www.montanamolecular.com/pip2-assay-kit/red-pip2-protocol/

	Ca2+
	Green GECO
	Peaks then declines to zero or a lower plateau. Typical duration of 2-5 min. See Figures 6D & <?escape?>12.
	www.montanamolecular.com/calcium-assay-kit-geco/green-geco-ca2-protocol/

	Ca2+
	Red GECO
	
	www.montanamolecular.com/calcium-assay-kit-geco/red-geco-ca2-protocol/




Table 2. Steps for measuring the initial rate and k by curve fitting

	Step
	Procedures

	Prepare data for analysis
	Express as fluorescence normalized to baseline
If downward sensor is used, convert to upward data

	Enter and graph data
	Enter data into curve-fitting software
Enter as the signal (y) versus time (x)
Ensure graph is large enough for symbols to be discernable

	Curve fitting the time course data
	Fit data to relevant time course equation (Eq. 1-4)
This provides estimates of the equation parameter values (rate constants, plateau’s etc)

	Calculation of initial rate
	Use fitted parameter values to calculate initial rate (Eq. 5-8)
Take care to use the correct parameters. The equations in software can be formatted differently than the general equations.

	Determination of k:
Multiple concentrations method
	Enter the initial rate (y) versus the ligand concentration (x) into the curve fitting program
Fit to sigmoid dose response equation
Constrain the bottom to be zero
k is the fitted value of the top of the curve

	Determination of k:
Single concentration method
	If a maximally-stimulating concentration of ligand is used, k is simply the initial rate at that concentration.








Box 1. Optimizing amount of sensor by titration.
A titration series is used to determine the optimal amount of sensor.
Step 1. Set up the titration plate as illustrated below. Make up transduction mix as described in Cell Culture and Viral Transduction. Be sure to include control wells (untransduced cells, Row A) in order to calculate the signal-to-background ratio. In columns 9-12, add positive control receptor (supplied with kit). Include indicated volume of sensor and 0.6 μl 500 mM sodium butyrate and make up to 50 μl with cell culture medium.
[image: ]

Step 2. After 24 hours, measure baseline fluorescence intensity then add ligand and measure fluorescence as described in Assay for Signal Transduction.
Step 3. Select optimal sensor volume based on signal-to-background, response to ligand and cell health (sample data below). Signal-to-background ratio should be at least 5, and is the average fluorescence from wells with biosensor, compared with fluorescence from untransduced cells.
[image: Chart

Description automatically generated with medium confidence]
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