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Fluorescence Fluctuation 
Techniques for the Investigation of 
Structure-Function Relationships 
of G-Protein-Coupled Receptors
Robert T. Youker and Danielle Voet

Abstract

G-protein-coupled receptors (GPCRs) are seven transmembrane receptors that 
form the largest superfamily of signaling proteins, and the family members func-
tion in a diverse array of metabolic pathways including cardiac function, immune 
response, neurotransmission, smell, taste, cell differentiation and growth, and 
vision. It is becoming clear that alteration in the quaternary structure of the GPCR 
receptor can have a profound impact on signaling capabilities. Biochemical, bio-
physical, physiological, x-ray crystallographic, and computational methods have 
been used over the last 40–50 years to study the structure and function of GPCRs. 
Evidence from these studies confirm that GPCRs can be organized as monomers, 
dimers, and higher-order oligomers. However, many times, these methods require 
extraction of the receptor from its native environment and high levels of expres-
sion and only provide a snapshot of information. A need arose for techniques that 
could measure the assembly and disassembly of receptors at few-to-single molecule 
resolution in their native environment at fast time scales. In the last 20 years, 
fluorescence fluctuation techniques have filled this need and provided new insight 
into the dynamics of GPCR organization in the absence and presence of ligands, 
agonists, and antagonists. In this book chapter, we provide a brief introduction to 
GPCR structure and function [Section 1]. An overview of the theoretical basis for 
fluorescence fluctuations techniques (FFTs) and how FFTs can be used to study the 
oligomeric structure of GPCRs in live and fixed cells is explained [Section 2]. We 
discuss the advantages and limitations of FFTs [Section 3], and finally, we sum-
marize select case studies on GPCR structure and function revealed by FFT experi-
ments [Section 4].

Keywords: fluorescence spectroscopies, molecular brightness, GPCR, oligomer, 
dimer, SpIDA, protein dynamics

1. Introduction

G-protein-coupled receptors (GPCRs), also known as hepta-helical or seven 
transmembrane receptors, form the largest superfamily of signaling proteins that 
comprise 3–5% of genes in animals with approximately 1000 and 800 genes in the 
human and mice genomes, respectively [1–4]. GPCRs are evolutionarily conserved 
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from single cell excavates – asymmetric protists that usually contain an “excavated” 
feeding groove – to multicellular animals. Recent phylogenetic analysis of 75 
genomes suggest evolution of these ancient GPCRs and associated cytoplasmic sig-
naling machineries occurred through lineage-specific diversification with repeated 
domain shuffling (Figure 1) [5]. Many of the gene families needed for GPCR sig-
naling were present in the last common ancestor of eukaryotes [6–9]. Interestingly, 
architectural diversification of the N-terminal protein domain of GPCRs was 
concomitant with the diversification of these ancient protein families [10]. These 
observations support the theory that the GPCR core signaling machinery evolved 
first followed by extensive receptor radiation and selective pressures (positive and 
negative) may have affected evolution of GPCR subgroups differently [5, 11].

The extensive diversification of GPCRs was most likely necessary as eukaryotes 
evolved from unicellular to multicellular organisms and to exploit new environmen-
tal niches, thus sensing and responding to novel stimuli [12]. GPCR family mem-
bers can be activated by an extraordinary array of molecules that include amines, 
amino acids, cytokines, glycoproteins, hormones, ions, nucleotides, peptides, and 
even photons of light, in the case of the Rhodopsin family. Multiple classification 
systems have been developed for GPCRs (e.g. A-F system and GRAFS system) using 
a variety of approaches that include motif-based, pharmacological-based, machine 
learning, or phylogenetic tools [3, 13–15]. The GRAFS system relies on structural 
and phylogenetic information to classify Metazoan GPCRs [2, 3, 10]. The GRAFS 
system divides GPCRs into the Glutamate (Class C of A-F system), Rhodopsin 
(Class A), Adhesion (Class B), Frizzled (Class F), and Secretin (Class B) families. 
This classification system has been extended to several lineage-specific GPCR fami-
lies (insect odorant receptors, nematode chemoreceptors, vertebrate vomeronasal 
receptors) and non-metazoan members such as cAMP (Class E), GPR-108-like 
families and ITR-like families [16]. The Fungi Ste2 (Class D), Ste3 (Class D), and 
Git3 receptors and the plant abscisic receptor are also categorized as GPCRs [17, 18]. 
An important difference between the two widely used classification systems are that 
GRAFS further divides class B into the Secretin and Adhesion receptor subfamilies, 
while the A-F system does not.

A majority of physiological functions, including cell differentiation and growth, 
immune response, metabolism, neurotransmission, smell, taste, and vision are 
regulated by GPCR signaling. Not surprisingly, disruption of GPCR signaling can 
cause a wide variety of disease such as cardiac dysfunction, diabetes, nervous sys-
tem disorders, obesity, inflammation, and even cancer. Estimates range from 30 to 
40% of all FDA approved drugs target GPCRs given the central roles of these recep-
tors in human physiology [19, 20]. There are greater than 300 protein structures 
representing 64 unique GPCRs and the vast majority of solved structures belong 
to the class A subfamily (GPCR database, accessed May 7, 2020, [21]). Structurally, 
GPCRs all contain an extracellular domain, a counter-clockwise transmembrane 
helical bundle, and an intracellular domain. The extracellular domains have the 
least degree of conservation and vary in size and shape. For example, most class A 
members have small extracellular domains compared to class B (secretion family) 
and class C (glutamate family) members that possess long N-terminal domains of 
approximately 120 and 600 amino acids, respectively (Figure 1).

Most GPCRs bind ligands directly to the extracellular N-terminus and/or a 
binding pocket composed of the extracellular region and transmembrane helices. 
Typically, GPCRs signal through a heterotrimeric G-protein complex whereby 
ligand binding to the receptor causes a conformational change and the receptor 
acts as a guanine nucleotide exchange factor (GEF) to activate the alpha-subunit 
(Gα) by facilitating GTP binding [22]. Activated Gα dissociates from the Gβγ 
subunits to allow interaction with downstream effectors such adenylate cyclase, 



3

Fluorescence Fluctuation Techniques for the Investigation of Structure-Function Relationships…
DOI: http://dx.doi.org/10.5772/intechopen.93229

or phospholipase C (PLC), leading to a second messenger signaling cascade [22]. 
The Gβγ dimeric complex recruits G-protein-coupled receptor kinase (GRK) to the 
activated receptor and the GRK phosphorylates the GPCR on serine or threonine 
residues residing in the intracellular C-terminal tail, or the third intracellular loop 
[23–25]. Phosphorylation of the receptor leads to β-arrestin binding followed by 

Figure 1. 
Neighbor-joining phylogenetic tree of select human GPCRs and representative crystal structures. (A) 
Information for GPCR phylogenetic tree (steps used): Seventy human GPCRs with crystal structures deposited 
in GPCRdb were used to construct neighbor-joining distance calculation on conserved segments of sequence/
structure with bootstrapping (10 replicates) with regular branch lengths depicted. GPCR classes A (purple), 
B1 (red), F (light blue), and C (green) are represented. Scale bar = 10. Tree constructed using PHYLIP and 
jsPhyloSVG packages implemented through GPCRdb website. (B) Crystal structures of class A (serotonin 
receptor, PBD: 6bqh), class B1 (glucagon receptor, PDB: 6lmk), class F (frizzled 4 receptor, PDB: 6bd4), and 
class C (extracellular domain from metabotropic glutamate receptor 3 (PDB: 2e4w) and 7TM from bovine 
rhodopsin (PDB: 1gzm) as a structural model to represent class because no full-length structures exist, https://
doi.org/10.1038/aps.2011.186). Structures are colored to match key in part a.
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adaptor and clathrin recruitment that triggers endocytosis of the receptor to attenu-
ate signaling. Concomitantly, the Gα subunit and regulators of G-protein signaling 
(RGS) facilitate re-association of the heterotrimeric complex through GTP hydro-
lysis, thus resetting the switch for another round of signaling. The GPCR is then 
either recycled back to the cell surface or degraded in the lysosome and this com-
pletes the receptor life cycle (for review see [22]). Recent evidence suggests that in 
some cases, GPCRs can signal from early endosomes, trans-Golgi network (TGN), 
mitochondria, and nuclear membranes (for review see [1, 26, 27]). This observed 
intracellular GPCR signaling is dynamic and is thought to play an important role in 
synaptic plasticity, learning and memory [26].

In addition, G-protein independent signaling through arrestins, arrestin 
domain containing proteins (ARDCs) and GRKs has been reported (for review 
see [4, 28–30]). For example, arrestins can bind to mitogen-activated protein 
kinase (MAPK) pathway members both at the plasma membrane and from endo-
somal membranes to trigger G-protein independent MAPK signaling [31, 32]. 
Interestingly, arrestin activation of extracellular-signal-regulated kinase (ERK) 
appears to bias cytoplasmic instead of nuclear MAPK signaling possibly through 
inhibition of ERK translocation to the nucleus [32].

The ability of GPCRs to activate G-protein-mediated, arrestin-mediated, or 
another potential signaling pathway is called biased signaling [33]. This signaling 
complexity is due to the ability of GPCRs to bind to multiple ligands, interact with 
an array of regulators (as mentioned above) and cross-regulate each other leading 
to a balanced cellular/functional response [34, 35]. The signaling complexity of 
GPCRs is also due to the dynamic quaternary state of the receptors. The quaternary 
state of a protein describes whether it is composed of one, or more, folded chains 
of amino acids. GPCRs are well known to function as monomers and dimers but 
can also form larger quaternary structures, termed higher-order oligomers that 
contain three, or more, molecules in a complex [36]. The quaternary state of 
the receptor can affect its ability to be activated and may influence the type of 
downstream signaling pathway that is engaged, such as plasma membrane versus 
intracellular membrane signaling. Therefore, it is vitally important to quantify 
temporal and spatial GPCR conformational changes in order to gain insight into 
GPCR signaling [37].

There are a plethora of experimental methods to measure GPCR oligomeric 
structure that can be classified as biochemical, biophysical, physiological, x-ray 
crystallographic, and computational [38]. Biochemical methods include co-immu-
noprecipitation (co-IP) and blue native PAGE (BN-PAGE) that require extraction of 
the protein from their native cellular membranes. Förster resonance energy transfer 
(FRET), fluorescence complementation, and fluorescence recovery after photo-
bleaching (FRAP) are examples of biophysical methods where receptors are labeled 
and measured in their native environment [37, 39]. Total internal reflection fluores-
cence microscopy (TIRFM), single-molecule imaging, and spatial intensity distri-
bution analysis (SpIDA) are considered physiological methods for studying GPCRs 
in live and fixed cells. Methods such as x-ray crystallography, NMR spectroscopy 
and cryo-electron microscopy (cryo-EM) are capable of determining structures at 
atomic resolution, and only NMR can determine three-dimensional protein struc-
tures in solution [40]. Finally, computational methods, such as molecular dynamic 
(MD) simulations, provide insight into dynamic behavior of GPCRs at the atomic 
level based on x-ray crystallographic structures. In the last two decades, fluores-
cence fluctuation techniques have become a vital tool for measuring the dynamic 
oligomeric changes of proteins, including GPCRs, because of their single molecule 
sensitivity, high spatial resolution, and ability to measure physiologically-relevant 
concentrations in live cells [41–43]. We will focus on these existing and newly 
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developed fluorescence techniques and no other well established and traditionally 
used biophysical/biochemical techniques to study GPCRs that are mentioned above 
(for reviews see [37–40]).

In this book chapter, we provide an overview of the theoretical basis for fluo-
rescence fluctuations techniques (FFTs) and how FFTs can be used to study the 
oligomeric structure of GPCRs in live and fixed cells [Section 2]. We discuss the 
advantages and limitations of FFTs [Section 3]. Finally, we summarize select case 
studies on GPCR structure and function revealed by FFT experiments [Section 4].

2. Overview of fluorescence fluctuation techniques (FFTs)

Fluorescence fluctuation spectroscopy (FFS) techniques, a.k.a. FFTs, refers 
to a suite of spectroscopic/microscopic techniques that exploit the fluctuations 
detected in the signal emitted from a fluorescent molecule to extract molecular 
dynamic information, such as diffusion rate and oligomeric size of the molecule. 
Measurements can be made on purified molecules in vitro in a cuvette, or on 
molecules inside live cells with the aid of a confocal microscope. FFTs can be 
classified based on method of collection of the fluorescence fluctuation informa-
tion, such as a spot method versus scanning method, or by how the information is 
analyzed, such as space, time, or both (Figure 2). The following sections describe 
several of the most common FFTs that have been developed, especially for GPCR 
studies, but are not an exhaustive list of all developed applications (for in-depth 
review see [41, 44–46]).

2.1 Fluorescence correlation spectroscopy (FCS)

Fluorescence correlation spectroscopy (FCS) was developed in the 1970s at the 
Karolinska Institute in Stockholm and Cornell University in the U.S. [47, 48]. Today, 
it is a common spot method implementation, whereby the signal fluctuations from 
a small volume (>1 femtoliter) are observed, recorded, and an autocorrelation 
function (ACF) is calculated to determine molecular processes. The main process 
causing the fluctuations are the diffusion of the fluorescent molecules through the 
detection volume, but other processes that create fluctuations can be measured, 
including active transport, flow, rotational diffusion, excited state transitions, 
chemical reactions, and bleaching [49, 50]. FCS was used in the seminal experi-
ments by Magde, Elson, and Webb to measure diffusion of DNA and kinetics 
of ethidium bromide binding [47]. FCS measurements were confined to in vitro 
(cuvette) setups because cell experiments using widefield microscopes had “large” 
excitation and detection volumes that prevented observation of fluorescence 
fluctuations. Invention of confocal and two-photon excitation microscopies, with 
greatly reduced volumes, expanded the technique to living systems in the 1990s.

The primary parameters determined from FCS measurements are the average 
diffusion rate and concentration of observed molecules (Table 1). A variation of 
FCS called fluorescence cross-correlation spectroscopy (FCCS) requires labeling of 
two molecules with different fluorescent dyes and can be used to study molecular 
interactions [41]. The amplitude of the ACF plot is inversely proportional to the 
average number (N) of fluorescent molecules traversing the detection volume and 
gives FCS a large dynamic range with the ability to measure pico- to nanomolar 
concentrations of molecules with background fluorescence and detector technol-
ogy limiting cellular measurements to ~1–400 nM [45, 51]. Concentrations higher 
than a couple hundred nanomolars cause a reduction in fluctuations and inability 
to calculate the ACF. Diffusion of fluorescent molecules can be measured over six 
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orders of magnitude using FCS (microsecond to millisecond) with the limitations 
at the upper limit being photobleaching for slowly moving particles/complexes 
and inability to detect fluctuations, as mentioned above. FCS has been used to 
measure the diffusion and size of nucleic acids, lipids, individual proteins, and 
protein complexes in live cells. Recent examples of processes investigated with FCS/
FCCS include viral capsid assembly, mRNA diffusion, enzyme subunit dissocia-
tion, system wide measurements of protein diffusion in yeast, gene expression 

Figure 2. 
Categories of fluorescence fluctuation spectroscopies (FFS). Fluorescence signal is recorded from molecules 
moving through focal volume (~1 femtoliter) of a confocal or two-photon microscope. The fluctuations in the 
signal can be analyzed to extract molecular parameters (e.g. diffusion and brightness) in the temporal, spatial, 
or temporal and spatial domains. Representative techniques that analyze in the temporal domain are FCS and 
PCH. Techniques that analyze in the spatial domain include N&B and SpIDA. The RICS and sFCS analyses 
exploit information in the temporal and spatial domains. For FCS, blue curve represents fast diffusing species, 
and dark red curve represents slower species. For PCH and SpIDA, the blue curves represent small species (e.g. 
monomers) and the dark red curves represent larger species (e.g. oligomers).
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profiles, protein-lipid interactions, and receptor-ligand interactions [52–60]. FCCS 
can be used to quantify and distinguish different populations of receptors, protein 
complexes, protein-lipid interactions, and protein-DNA interactions [61–69]. FCS/
FCCS are spot measurements where the excitation laser is kept immobile leading 
to high temporal resolution but measurements in several locations are required if a 
larger area of the specimen is to be analyzed.

Importantly, for multicomponent systems — where there are two different dye 
labeled molecules or different states of the same species — the diffusion rates for 
the species must differ by ~1.6-fold or greater in order for FCS to resolve the mul-
tiple species [70]. For this reason and others listed below (see Section 2.2), a large 
body of additional FFTs have been developed based on photophysical properties of 
molecules. Techniques such as photon counting histogram (PCH) analysis and fluo-
rescence intensity distribution analysis (FIDA) exploit moments of the fluorescent 
signal (i.e. mean, variance, higher order) to determine molecular brightness (ε) 
and resolve multicomponent systems [71–74]. Methods centered around moment 
analysis and related FFTs are discussed in Section 2.2 to below.

2.2 Photon counting histogram (PCH) and higher-order analyses

2.2.1 PCH and FIDA analyses

Intensity (1st moment) and variance (2nd moment) information collected 
during FCS experiments can be used to determine protein size and N provided 
the concentrations of investigated molecules are constant or homogenous dur-
ing measurement (e.g. amount of receptor monomer and dimer). Importantly, 
biological systems are complex and the fluorescently labeled molecules/structures 
usually exist in multiple states whose concentrations are changing temporally. 
Furthermore, the molecule’s brightness contributes nonlinearly to the ACF and, 
therefore, molecular concentrations cannot be unambiguously determined without 

Technique 

name

Temporal resolution Spatial 

resolution

Parameters extracted

FCS/FCCS Nanosecond to 
microsecond

–b Mobility, concentration, interaction

PCH/moment –a –b Brightness, oligomerization

sFCS/sFCCS Microsecond to 
millisecond

Diffraction 
limited

Mobility, concentration, interaction

RICS/cc-RICS Microsecond to 
millisecond

0.8 μm Mobility, concentration, interaction 
maps

ICS/ICCS — 0.5 μm Concentration, oligomerization

N&B/cc-N&B — Diffraction 
limited

Mobility, concentration, interaction 
maps

SpIDA — <30 nmc Concentration, oligomerization

FIF — –d Abundance and stability of 
oligomers

aDepends on binning and detector characteristics.
bSpot measurement.
cAssuming sufficient signal-to-noise ratio (SNR).
dDepends on size and shape of ROIs and SNR.

Table 1. 
Comparison of select fluorescence fluctuation spectroscopies.
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knowing the molecular brightness (ε) [70, 75]. Thus, it can be difficult to extract 
protein size and N accurately using FCS with complex systems [70, 75].

Both PCH and fluorescent intensity distribution (FIDA) analyses do not suffer 
from the same limitations as FCS. These analyses measure the ε and associated 
fluorescence intensity distributions to resolve species in multicomponent systems 
and are amenable to systems where the species have similar diffusion rates [71–74]. 
The two techniques are considered “mathematically equivalent” and only differ 
in their treatment of the microscope point spread function (for explanation see, 
[76]). To implement these techniques, photon counts per sampling time are plotted 
versus frequency and then fitted using theoretical models to determine N and ε, 
expressed as counts per second per molecule, of the different species. Importantly, 
the same fluorescent traces used to calculate ACF for FCS analysis can also be used 
to calculate histograms for PCH analysis. In fact, several commercial hardware/
software implementations provide FCS and PCH analysis simultaneously dur-
ing data acquisition (e.g. Zeiss, Picoquant). Both PCH and FIDA techniques are 
routinely used to measure protein oligomerization in cells and cellular organelles 
[67, 77–80]. Homodimers were detected for serotonin 5-hydroxytryptamine 
2C (5-HT2C) receptor using FCS and PCH analyses [81–83]. In one study, PCH 
analysis of freely diffusing class A GPCRs (5-HT2A, α1b-AR, β2-AR, M1, M2, and 
D1) were observed to be predominantly homodimers in the plasma membrane 
of HEK293 cells [82]. The stoichiometric binding of ligands to several GPCRs 
(chemokine, peptide, and small-molecule ligands) was detected using FIDA in a 
high-throughput assay and similar results were obtained compared to traditional 
radioligand binding experiments [84].

A mathematically equivalent approach to PCH/FIDA is moment analysis, based 
on Mandel’s Q-parameter, and provides the same information [85–87]. Moment 
analysis can be difficult in small cells, such as bacteria, because the cell volume 
can be easily bleached and the cell only partially overlaps with the microscope 
point spread function (PSF) that can negatively influence intensity fluctuations. 
These two problems can cause error in brightness calculations [88, 89]. A modified 
Q-parameter measurement called mean Q-value of segmented photon count data 
(MSQ ) combined with axial scans was developed to overcome these unique chal-
lenges faced in cells that are small [89].

2.2.2 Fluorescence cumulant analysis (FCA)

An approach similar to PCH is fluorescence cumulant analysis (FCA). This 
method employs cumulant functions in place of probability distribution functions 
and the same photon-counting data used for PCH can be analyzed by FCA [90]. 
Muller found that FCA gave identical ε and N values as PCH and both methods are 
limited to data sampling times shorter than the diffusion times of the molecules. 
In contrast to PCH, the FCA theory can be expanded through analytical expres-
sions (e.g. 2nd factorial cumulant) to overcome this limitation and be extended 
to arbitrary sampling times [90]. FCA is also suited for data containing random 
independent events because of the additive properties of cumulants that simplify 
the analysis.

2.2.3 Temporal extension of PCH, FIDA, and FCA

PCH, FIDA, and FCA provide a snapshot of N and ε of molecules but not 
dynamic, or temporal information. These techniques can be modified to extract 
temporal information through recording multiple counting intervals simultane-
ously. These time-binned versions of PCH, FIDA, and FCA are called photon 
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counting multiple histogram (PCMH), fluorescence intensity multiple distribution 
analysis (FIMDA), and time-integrated fluorescence cumulant analysis (TIFCA), 
respectively [91–95]. These techniques apply a global analysis, consideration of 
many dwell-times, to a set of photon count histograms, thus improving signal-to-
noise (S/N) ratio of the data and allowing resolution of fluorescent species by both 
time-dependent (e.g. translational diffusion) and time-independent (e.g. N and ε) 
parameters.

Recently, a modified version of PCH was developed called correlated PCH 
(cPCH) that is a generalization of dual-color PCH analysis and combines aspects of 
FCS, PCH and moment analysis [96, 97]. This inherently dual-channel technique 
can also be applied to single channel measurements and histograms from the same 
channel, or different channels are acquired and analyzed from different timepoints. 
The application of cPCH involves calculating photon counting histograms where 
the time bins occur at time-differences (τ) between the two detection channels. 
This allows the analysis of correlation and amplitude of the signal simultaneously. 
The cPCH method is described to be less computationally intensive and to provide a 
better approximation for the diffusion dependence of the molecular species com-
pared to PCMH, FIDA, and TIFCA. As proof of concept, Scales and Swain present 
simulated data for ligand binding to a receptor that has two-binding sites [96]. 
Scales and Swain lay the theoretical foundation for cPCH but only provide simula-
tions to provide proof of concept and it remains to be seen if the full potential of 
this technique is realized using real experimental data. In fluorescence intensity and 
lifetime distribution analysis, lifetime data of the fluorescent species can also be 
included to provide an additional parameter to resolve the investigated molecules 
[98]. Photon arrival time distributions can also be used to measure ε and correlation 
functions simultaneously for measuring macromolecular interactions through the 
analysis of two-dimensional photon pair histograms [99].

The development of these moment/cumulant techniques extended the sensitiv-
ity and resolution capabilities of measuring complex mixtures of fluorescent mac-
romolecules compared to FCS/FCCS. The subsequent extension of these techniques 
to a global analysis that incorporates temporal information allowed measurement 
of molecular dynamics. Dual-color versions of these techniques allow the observa-
tion of two different labeled fluorescent macromolecules [73, 97]. However, these 
spot techniques — at the time — were cumbersome for measurements involving 
multiple, or large region of interests (ROIs). This necessitated the development of 
scanning FFTs and multiplexing approaches to acquire spatial information across 
large regions of samples, such as entire cells or tissues (Section 2.3).

2.3 Scanning FFTs (single and multiplexing)

2.3.1 Scanning and multiplexing FCS

In the 1990s, Koppel et al. linearly scanned the laser across samples to mea-
sure, with high spatial resolution, the concentration dynamics of fluorescently-
labeled DNA [100]. This technique is called scanning mode FCS (sFCS) and 
allows the measurement of a larger area of the specimen without the hassle of 
multiple time-consuming single point measurements (for review see [46]). In 
sFCS, fluctuations are collected in adjacent volumes, at a fast rate, and in the 
same volume during different orbits, at a slower rate, thus spatial and temporal 
information are encoded in the data. This allows for correction of slow sample 
movements that can interfere with analysis in spot measurements like FCS. The 
increased spatial resolution achieved with sFCS is at the expense of decreased 
temporal resolution but for most measurements in live cells this is not a major 
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issue because molecules are diffusing at rates of 0.1 μm2/sec (membrane proteins) 
to 25 μm2/sec (soluble proteins) that is within the temporal resolution of sFCS 
(microsecond to millisecond) (Table 1). The sFCS approach provides better 
signal-to-noise ratio, greatly reduced chance of photobleaching, and better accu-
racy for measuring macromolecules with slow dynamics. Initial implementations 
of sFCS kept the laser stationary and moved the sample but recent setups move 
the laser beam instead and linear and raster-scanned patterns can be used, leading 
to different spatial and temporal resolutions [46].

One motivation for multiplexing FCS measurements was due to the need to have 
single molecule sensitivity and high-spatial resolution to measure a large number of 
samples in biochip microarray analysis, both during fabrication and implementa-
tion of the chip.

Multiplexing of a spot method such as FCS requires the acquisition of fluores-
cence fluctuations from multiple ROIs in parallel without sacrificing temporal reso-
lution (micro-to-nanoscale). Many strategies have been used to multiplex FCS for 
confocal microscopes and most techniques employ an array of detectors and custom 
optical elements to create multifocal excitation spots and detection [101–103].

Strategies used to create multifocal spots include, the use of a 2 × 2 fan-out 
diffractive optical element, parallel fiber optics, and spatial light modulators 
[101, 103–105]. These early attempts at multiplexing relied on single photon 
avalanche photodiodes (SPAD) and photomultiplier tubes (PMTs) due to their 
high sensitivity and response times (for review of detectors see [43]). However, 
only small numbers of excitation volumes (4–7) could be generated ranging from 
PMT, SPAD, and complementary metal oxide semiconductor (CMOS) detectors 
[101, 103, 105]. Many groups directed their efforts toward implementing electron 
multiplying charged coupled devices (EMCCDs) because the detectors have high 
quantum efficiencies, single molecule sensitives, and the flexible detection area 
with microsecond resolution [106]. A custom fabricated CMOS single photon 
detector has been shown to collect 64 channels, an 8-fold improvement on earlier 
studies [107]. A multiplexed setup measuring five ROIs measured the dynamics of 
the heat shock transcription factor in the nucleus of heat stressed mammalian cells 
[108]. Confocal volumes need to be sparsely separated (10 or more pixels) in order 
to avoid cross-talk between signals, limiting confocal multiplexing approaches. One 
way to circumvent this limitation is to use a spinning disk confocal microscope that 
can scan a large number (1000s) of widely spaced pinholes temporally across the 
sample [109]. In this approach, each pixel is only excited for a brief period of time, 
leading to reduced signal-to-noise ratios.

Both confocal and spinning disk multiplexing approaches suffer from issues 
with interference from out-of-focus light restricting these techniques to thin 
samples. Employing total internal reflection (TIR) microscopy, or single-plane illu-
mination microscopy (SPIM) can eliminate this problem and extend multiplexed 
FCS to thick biological samples [44]. Most SPIM-FCS microscopy have a larger 
volume compared to confocal because two medium-NA (0.8) objectives are needed 
to create the plane for illumination and detection [102, 110, 111]. This type of FCS 
imaging has been used to record ~1 million ACFs simultaneously at 25 frames per 
second using next generation scientific CMOS detectors [102]. These custom-built 
systems have mostly been used for detecting dyes and fluorescent beads in solution 
for proof-of-concept and only a handful of studies performed in cells and organisms 
have been reported to date [110]. SPIM-FCS and TIR-FCS have reduced bleaching 
and photodamage compared to other multiplexed FCS approaches because of the 
100 nm illumination plane for TIR and ~ 1.0-μm light beam width for SPIM-FCS. 
Recently, SPIM-FCS has also been extended to a two-color version to investigate 
molecular interactions [112]. Combining single spot FCS measurements with 
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automation to create a high-throughput workflow is an alternative to multiplexing 
and can be easier to implement with biological specimens [113, 114].

2.3.2 Raster image correlation spectroscopy (RICS)

Raster image correlation spectroscopy (RICS) is an imaging analog of FCS that 
extracts an averaged (2D) spatial ACF from a series of images acquired by a laser 
scanning confocal microscope [115–117]. The inherent time information encoded in 
the scanned image(s) can be used to measure molecular dynamics at microsecond, 
millisecond, and second timescales depending on if the correlation is calculated 
from pixels that are adjacent, in successive lines, or successive frames, respectively. 
The ACFs for immobile species have an isotropic Gaussian function, while species 
with diffusive behavior have a stretched Gaussian in the direction of the fast scan-
ning. Therefore, the ACF in RICS is a product of the correlations due to diffusion 
and scanning. This aspect of the analysis makes RICS better suited for measuring 
anisotropic behavior (diffusion rate varying in space and time) compared to tra-
ditional single spot FCS. Processes such as auxin transporter diffusion in plant cell 
plasma membrane, dynamics of adhesion complex protein paxillin, thyrotropin-
releasing hormone receptor diffusion under cholesterol depletion, and Ras nanoclus-
tering in plasma membrane have been studied using RICS [117, 117–120]. RICS was 
combined with 3D-orbital tracking and general polarization analysis to measure 
fast and slow fluctuations of labeled lysosomes and gain insight into lysosomal 
trafficking and metabolism [121].

A useful feature of RICS is the ability to create a high-resolution spatial diffusion 
map of the investigated macromolecule. The RICS technique can be implemented 
with cross-correlation (ccRICS) between two molecular species to investigate 
clustering of a kinase at the plasma membrane, degradation of exogenous DNA 
in cells, measure remodeling of adhesion complexes, and regulation of sub-apical 
trafficking of a phosphate cotransporter [122–129]. A modified version of RICS has 
been developed to minimize spectral cross-talk using statistical weighting of the 
signals [130].

The pixel size and dwell time must be compatible in order to implement RICS 
successfully [117, 124]. For example, scanning faster than the molecule’s diffusion 
rate makes the species appear to be immobile. In contrast, the particle will dif-
fuse away before being detected in subsequent pixels if scanning is performed at 
a rate slower than the characteristic diffusion of the molecule. Practically, pixel 
dwell times of 2–100 μsec and pixel sizes of 0.025–0.2 μm should be sufficient to 
measure the dynamics of a range of macromolecules. For example, a dwell time of 
25 μs and pixel size ≤0.05 μm can measure the diffusion of a 25 kDa cytoplasmic 
protein by the second or third pixel scanned [115, 124]. Longfils et al. observed a 
3–5-fold decrease in error on the diffusion constant by decreasing pixel size from 
100 to 50 nm and they also observed consistent high quality RICS data over a board 
concentration range from nM to μM [131]. Minimum ROI of 2 μm × 2 μm is recom-
mended by Brown et al. to prevent under-sampling. Overall, RICS is a powerful 
technique for measuring diffusion and complex dynamics across a range of times-
cales at the expense of a 2–3-fold lower resolution compared to FCS [124].

2.3.3 Image correlation spectroscopies

Image correlation spectroscopy (ICS), imaging cross-correlation spectroscopy 
(ICCS), spatiotemporal imaging correlation spectroscopy (STICS), and k-space 
imaging correlation spectroscopy (kICS) are additional methods that are imag-
ing versions of FCS (for review see [132, 133]). All of these methods rely on 
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the acquisition of a time series of images from a confocal, two-photon, or TIR 
microscopy. The series of images amount to fluorescence intensity recorded as a 
function of time and space, i(x,y,t), and the generalized spatiotemporal function 
is defined as
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i x y t i x y t i x y t  [132]. This equation is for two different emission 

wavelength detection channels (a, b) and in the case of autocorrelation of one 
channel (a = b) the subscripts are dropped. The different ICS variants are just 
simplified versions of this equation for the specified limits. Importantly, all images 
acquired on the fluorescence microscope are a convolution of the emission of the 
fluorophore with the microscope’s PSF. This convolution causes spreading of the 
diffraction limited fluorophore signal over several pixels in the image and this 
signal is correlated over space and time. This is a powerful technique because large 
numbers of stochastic fluctuations can be reduced to a small number of physically 
important parameters due to spatiotemporal averaging. An overriding assumption 
of ICS and related techniques are that the biological system being investigated is 
stationary in space, or time. This condition is not necessarily met in living systems 
such as cells that can move in space and time and are heterogeneous. In addition, 
conventional applications of these spatial imaging techniques are insensitive to 
interactions and molecular movements below the diffraction limit of ~200 nm. In 
the original ICS, the correlation function is calculated for each pixel from the raw 
data (images) and fitted to an analytical model to extract parameters such as cluster 
density and degree of aggregation of the molecular species is determined [134]. The 
amplitude peak of the calculated correlation is proportional to the number of 
particles. Broadening of the correlation peak can be caused by movement of the 
investigated particle and this initially limited ICS to the study of large clusters on 
the cell surface [135].

Srivastava et al. were able to enhance the ICS technique by extending into the 
time domain with temporal imaging correlation spectroscopy (TICS) [136]. The 
correlation function is calculated within and between images but only a single cor-
relation function was calculated per image frame meaning there was no spatial, or 
vectoral information. Wiseman et al. combined ICS and TICS approaches to create 
spatiotemporal image correlation spectroscopy (STICS) [137, 138]. In this tech-
nique, there is dynamic and vectoral information encoded in the correlation peaks. 
In addition, sub-regions of samples could be quantified and velocity information 
determined. A two-color version of STICS was developed and given the name 
spatiotemporal image cross-correlation spectroscopy (STICCS) [139]. This tech-
nique was used to measure the cotransport of several integrin subtypes with paxillin 
and distinguish diffusion versus active transport [139]. A drawback to STICS and 
TICS is the potential photobleaching and dye photophysics (e.g. blinking) that can 
interfere with analysis [140].

A more recent variant of ICS is labeled k-space image correlation spectroscopy 
(kICS) and this technique utilizes 2D fast Fourier transformation to analyze the 
image data in the frequency domain (k-space ACF) [141]. Analyzing in k-space 
makes it easy to separate molecular dynamics from the artifactual photophysics of 
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the dye. An additional advantage of kICS is the dimensions of the PSF microscopy 
system are not needed for the analysis. In addition, complex mixtures of proteins 
undergoing directed transport and diffusion can be measured with kICS. The kICS 
technique has been used to study the transport dynamics of integrins and agonist 
induced clustering of CFTR in cholesterol microdomains [141, 142]. ICS and its 
modifications have been used with ~30–150 ms frame rates restricting these tech-
niques to the study of large and slow-moving cellular structures on the cell surface 
and some intracellular organelles.

2.3.4 Number and brightness (N&B) analysis

Number and brightness (N&B) analysis, also known as scanning N&B, is a 
scanning extension to PCH, FIDA, and moment analyses developed by Digman et 
al. [143]. In this technique, the mean intensity and variance (i.e., 1st and 2nd 
moments) are calculated from each pixel of a series of images. The apparent 
brightness (B) of the molecule at each pixel can be calculated as the ratio of the 
variance to the average intensity (σ 2 / k ). The number of mobile molecules (N) 

can be calculated as the ratio of total intensity to B ( σ2 2/k ) [143]. The parameter 
N is directly related to n particles. N&B analysis can be implemented using a 
confocal or widefield fluorescent microscope equipped with either point, or array 
detectors [143, 144]. It is important to correct for detector noise, background 
signal, and artifactual motion such as specimen drift or movement that can 
contribute to variance and lead to error [124, 145]. N&B analysis has been success-
fully implemented to measure oligomeric complexes in live cells such as remodel-
ing of adhesion complexes, activation of ErbB receptors, Ebola viral capsid 
assembly, DNA and protein aggregation or oligomerization [79, 143, 146–151]. The 
cross-correlation N&B (ccN&B) approach extends N&B to two-colors and has 
been used to measure stoichiometric binding of focal adhesion and integrin 
protein complexes [116, 127, 152, 153].

Similar to RICS, it is important to select the proper pixel dwell time in order to 
capture the fluctuations. For example, a pixel dwell time of 25 μs is reasonable for a 
protein diffusing at ∼20 μm2/s [143]. Autofluorescence, light scattering, and detec-
tor noise can all contribute to the signal variance, potentially contributing error to 
N&B analysis. Many times, these variances are independent and thus the “noise” 
is equal to the sum of the total variance [143]. Importantly, the variance due to the 
mobile molecules/species fluctuations will vary with the square of the brightness 
(σ2

n = ε2n) resulting in a B value >1 and immobile species will have a B value of 1. A 
simple plot of variance as a function of intensity (increasing illumination) should 
lead to a quadratic relationship if the signal variance arises from the true molecular 
species and not “noise”. Therefore, subtraction of 1 from the B value will give a true 
molecular brightness.

A limitation of N&B analysis, in its original form, was the inability to detect 
mixtures of several species in the same pixel and only weighted average brightness 
could be obtained.

Hortiguela et al. developed a statistical resampling of raw fluctuation data to 
measure coexisting oligomer species in each pixel and this improved N&B method-
ology is called enhanced N&B analysis (eN&B) [154, 155]. One drawback to eN&B 
is analysis requires 200 frames and can take from seconds to minutes to complete 
one timepoint. Overall, N&B analysis can robustly identify spatially heterogenous 
clusters of macromolecules in an image and generate a spatiotemporal map of said 
clusters, but these are averaged values, unless eN&B is employed.
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2.3.5  Spatial intensity distribution analysis (SpIDA) and fluorescence intensity 
fluctuation (FIF) spectroscopy

Spatial intensity distribution analysis (SpIDA) was inspired by PCH analysis 
and creates fluorescence intensity histograms that are subsequently analyzed using 
super-Poissonian distribution functions [36]. In SpIDA, the density and quantal 
brightness (QB) of the fluorescently-labeled protein are calculated and can be used 
to determine expression level and oligomerization state. A given protein’s QB can 
be compared to the QB of control proteins that are known to be monomer, or larger 
oligomers, therefore determining the oligomeric state of the protein of interest 
[36]. As a result, information regarding the densities of fluorescent molecules and 
their QB are obtained. While PCH is focused on the time domain, SpIDA is centered 
around the spatial domain of acquired images. The intensity histograms distributed 
from SpIDA analyses can elucidate the presence of dimers from monomers in a 
population based on intensity fluctuations, making this method of analysis benefi-
cial in comparison to previous techniques discussed above. Importantly, the SpIDA 
technique is compatible with conventional immunostaining methods used on fixed 
cells and tissues that is a distinct advantage over PCH and N&B analyses [156]. 
SpIDA analysis software is freely available from the De Koninck lab (https://ydklab.
org/tools). SpIDA analysis was employed to measure the QB and surface density of 
GPCR proteins in live and fixed cells. GPCRs or associated signaling proteins mea-
sured using the SpIDA approach include GABA(B) in spinal cord tissue, tyrosine 
kinase, secretin receptor, protein aggregation, and kinetics of fluorophore uptake in 
tissue culture cells [156–161].

Both N&B and eN&B fail to separate distinct oligomeric species based on bright-
ness distribution. SpIDA can resolve multiple oligomeric species but at the expense 
of reduced resolution [44, 154, 162]. One and two-dimensional fluorescence inten-
sity fluctuation (FIF) spectroscopy was developed to measure the effects of agonists 
and antagonists on the concentration, size, and stability of membrane receptor 
oligomers [162, 163]. Stoneman et al. were motivated to develop a rapid method 
that could accurately identify and measure mixtures of receptor oligomer sizes from 
individual pixels of images. Their technique requires the segmentation of a large ROI 
into hundreds of smaller ROIs (200–500 pixels) and thousands of concentration 
and brightness values are calculated from these ROIs. The brightness distributions 
calculated from the intensity fluctuations spread across the image pixels are used 
to generate spectrograms. The spectrograms, created for each segmented ROI, can 
then be used to measure the size and abundance of oligomeric species. The authors 
used FIF spectroscopy to probe the dynamic change in receptor oligomer size for the 
secretin (Class B GPCR) and epidermal growth factor receptors [162].

3. Advantages and disadvantages of FFTs

As mentioned above, clear advantages for FFTs include single molecule sensitiv-
ity, measurements at physiological concentrations, and high spatial, and temporal 
resolution. Protein complex stoichiometries and kinetics can also be measured with 
dual-color versions of FFTs. FFTs rely on fluorescence fluctuation measurements 
in space, time, or both to extract the molecular parameters. There are many factors 
that can affect the quality of the fluctuation data collected. Factors that can nega-
tively impact FFT analysis include fluctuations not from the molecule of interest 
(i.e. cell movement, stage drift), fluorophore photobleaching, immobile species, 
illumination geometry artifacts, undesired photophysics of fluorophore, and detec-
tor characteristics [45, 164, 165].
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The measurement time, or scan speed, must be appropriately matched with the 
macromolecule’s diffusion rate in order to acquire sufficient fluctuations for analy-
sis. It is also important to distinguish the molecule’s fluctuation from other factors 
that can contribute to the signal variance. Slow cell or organelle movement can 
add additional fluctuations that create artifacts during analysis [88, 89, 164]. For 
example, Hennen et al. observed that a nuclear localized EGFP protein exhibited a 
concentration dependent increase of brightness [164]. The cytosolic version did not 
exhibit this unexpected behavior. After further analysis, they concluded that the 
anomalous result was due to movement of the nuclear membrane and employing 
MSQ corrected the problem. MSQ analysis was also used to correct for incomplete 
PSF overlap and photobleaching for measurements in bacteria [89]. Undulations 
affecting FFT measurements have been observed for other membranes and several 
strategies, including lowering the measurement temperature (22°C or 30°C instead 
of 37°C), algorithmic filtering of data, multiple short measurements, and removal 
of distorted correlation curves were employed to improve the analysis [166–169]. 
These extra-fluctuation effects can be problematic especially when sample thick-
ness does not exceed the size of the observation volume. Finite sample thickness can 
lead to a bias in the brightness calculation but this can be corrected by performing 
an z-scan and using this data to better model the PSF shape when analyzing the FFT 
data [145, 170].

Photobleaching is more problematic for spot methods and less an issue for 
scanning FFTs and can lead to incorrect determination of molecular parameters. 
The two main approaches for correcting photobleaching are mathematical fitting 
of the experimental signal decay or moving average filters that do not rely on fitting 
[171]. Both mono- and bi-exponential functions have been applied to correct for the 
signal decay in FFT data with varying success [88, 168]. It can be difficult to correct 
using a fitting method because the decay rates can vary substantially from cell to 
cell [172]. Moving average filters, for imaging data, work by calculating the local 
average of each pixel in a time series (all images) and the average of the neighboring 
time-points (global) in the series. Next, the fluctuation at the local pixel is defined 
as the deviation from the local average and then the local pixel value is changed to 
the global average value plus the addition of the fluctuation value. The two meth-
ods for calculating the local average are called the box-car method, a.k.a. sliding 
window, and the exponential filtering method [143]. Filtering algorithms were 
applied to imaging FFT data to remove contributions from cellular movement or 
photobleaching and thus enhance the accuracy of the calculated molecular param-
eters [140, 143, 155, 173]. Lange et al. used a wavelet shrinking algorithm to reduce 
the false positive signal from 69% to 4% for the negative control in FCCS measure-
ments [174]. Recently, Nolan et al. introduced the Robin Hood algorithm as an 
improved filtering method for live cell images with limited photon budget (i.e. low 
intensity signals) [175]. In this algorithm, counts are subtracted from high intensity 
images and then added to low intensity images in the series. The overall counts are 
preserved in the image series in contrast to the box-car or exponential methods 
where the filtering process can lead to loss of information because of the numerical 
processing (natural to real number).

FFT analysis can be negatively influenced by dead-time and afterpulse effects. 
The dead-time and afterpulse effects are intrinsic characteristics of detectors and 
can cause underestimation and overestimation of molecular brightness, as well as 
other molecular parameters (e.g. rotational diffusion), respectively [176, 177]. The 
dead-time of a detector is the fixed time after photon registration (e.g. 50 nanosec-
onds for actively quenched APD) where another event cannot be detected. If the 
signal intensity being measured is too great, or the temporal period is too short then 
a certain number of photons will not be registered leading to underestimation of ε. 
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The afterpulse effect is when there are additional spurious events registered after 
the real photon detection event and this leads to overestimation. For example, an 
APD can generate a nano- to microsecond delay that leads to a ~1% probability of 
detecting spurious events [176]. These two effects need to be corrected especially 
at higher concentrations [95, 177]. Hillesheim et al. conducted PCH measurements 
on a fluorescent dye in solution and calculated N and ε with or without correction 
for dead-time and afterpulse effects [177]. They found relative error >10% when 
there was more than one molecule present in the observation volume if corrections 
were not employed. One practical method to remove afterpulsing effects from 
FCS measurements is to split the signal being measured between two detectors 
and then calculate the cross-correlation (signal to self). Correlating the signal to 
itself can remove the spurious events and compensate for the afterpulsing effect. 
Importantly, individual detectors of the same brand, type, and make require 
fundamentally different mathematical models to correct for these effects and thus 
universal models cannot be generated and each detector must be characterized indi-
vidually [178]. Fukushima et al. applied a two-detector approach to N&B analysis 
called TD-N&B to correct for detector artifacts when they measured the dynamics 
of glucocorticoid receptor dimerization [179].

The photophysics of the fluorescent dye, or protein can negatively influence 
the FFT analysis. For example, it is well known that a significant portion of cer-
tain fluorescent protein molecules do not properly mature and/or have long-lived 
triplet “dark” states (~10–70%) [180, 180–184]. These two processes can lead to 
a large number of molecules that do not fluorescence. In FCCS, if 100% of two 
labeled species are interacting then the CCF should be ideally 1.0, but in many 
experimental setups the value is ~0.5 which can lead to incorrect Kd determinations. 
Maturation problems, triplet state fraction, and photobleaching contribute to this 
discrepancy. The impact on FCCS analysis due to these effects can be corrected to 
provide label-independent Kd values [66, 180]. Correction factors can be employed 
to account for incomplete maturation of fluorescent proteins and this approach was 
used successfully to measure the oligomeric status of the homo-trimeric influenza 
A Hemagglutinin (HA) glycoprotein in live cells [183].

Overall, many of the disadvantages, or limitations of FFT measurements can 
be overcome with proper experimental design, and correction factors in the ana-
lytical models used to fit the data. It is important to thoroughly characterize your 
experimental setup, especially the detectors. Unfortunately, studying fast chemical 
processes necessitate the above-mentioned correction factors. Ideally, it is better to 
design experiments where the fluctuations being measured are not on the same time 
scale as the detector traits (i.e. dead-time, afterpulse) and that photobleaching, and 
other photophysical processes that have a negative impact, be minimized.

4. FFTs reveal new information on GPCR structure and function

Different GPCRs classes are known to vary in their oligomeric structure due 
to the varying propensity for dimerization and avidity of their interactions. 
Furthermore, agonist/antagonist ligands are known to alter GPCR quaternary 
structure. Generally speaking, the ability of GPCRs to associate with self, or other 
family members aligns with the receptor family. For example, class A GPCRs tend 
to transiently associate and multiple surfaces are required for the interaction [185]. 
In contrast, class C GPCRs form obligate dimers and higher-order oligomers [186]. 
While class B GPCRs appear to have an intermediate behavior to A and C recep-
tors [187]. The class A family represent the largest class of GPCRs and it is heavily 
debated whether these receptors can form dimers, or larger structures due to 
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transient interactions [188]. The significance and molecular basis for these receptor 
complexes are poorly understood.

Historically, these GPCR oligomeric changes were observed using biochemical 
approaches such as Co-IP, FRET, BiFC, and BN-PAGE experiments. Often, different 
experimental approaches have yielded opposite conclusions concerning the oligo-
meric state of the GPCR. In the past decade, FFTs have been employed to measure 
the dynamics of GPCRs in live cells and these methods are revealing new insights into 
GPCR structure/function and may shed light onto the disparate results (Table 2).

4.1 Muscarinic acetylcholine M2 receptor: monomer, dimer, or tetramer?

One prominent example of controversy in the field is the quaternary state of 
the muscarinic acetylcholine M2 receptor (M2R). The M2R was reported to be 
predominantly a monomer with capability to form dimers based on TIRF micros-
copy experiments in CHO cells, primary cardiac cells, and cardiac tissues [189]. 
In contrast, Herrick-Davis et al. reported M2R was predominantly a dimer based 
on FCS/PCH analysis in transfected cell lines [82], while FRET, single molecule 
photobleaching (smPB), and ligand binding assays yielded results consistent with 

Receptor name* Technique Species observed (in the absence or 

presence of ligand)

References

M1-muscarinic FCS/PCH Dimer [82]

M2-muscarinic FCS/PCH Dimer [82]

Serotonin (5-HT2A) FCS/PCH Dimer [82]

Adrenergic (α1b-AR) FCS/PCH Dimer [82]

Adrenergic (β2-AR) FCS/PCH Dimer [82]

D1-Dopamine FCS/PCH Dimer [82]

Serotonin (5-HT2C) FCS/PCH Dimer [81, 83]

GABAB1 & GABAB2 SpIDA Monomer/dimer [157]

Secretin SpIDA Monomer/dimer [160]

Secretin 2D-FIF Monomer/dimer/higher-order oligomers [162]

Neuropeptide Y FCS Clustering [168]

D3-Dopamine SpIDA Monomer/dimer/higher-order oligomers [193]

Serotonin (5-HT2C) SpIDA Monomer/dimer/higher-order oligomers [194]

M1-Muscarinic SpIDA Monomer/dimer/higher-order oligomers [197]

M3-Muscarinic SpIDA Monomer [197]

µ-opioid FCS/PCH/N&B Tetramers/oligomers [204]

δ-opioid FCS/PCH Tetramers/oligomers [204]

A1-Adenosine & 
A2a-Adenosine

FCS heterodimers [205, 206]**

B2-Bradykinin FCS/sFCS Small/large aggregates [207]

Complement (C5a) FCS Clusters [208]

*GFP or YFP-tagged.
**Fluorescent ligand used to label receptor.

Table 2. 
Summary of fluorescence fluctuation spectroscopy studies on GPCRs.
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a tetrameric arrangement for M2R [190, 191]. What factors could account for these 
seemingly contradictory results?

Recent biochemical studies on three distinct class A GPCRs using proteolipo-
somes reported that environmental factors, including membrane curvature and 
receptor density, affect degree of homo-oligomerization [192]. A concentration 
dependent increase in the number and complexity of oligomeric species has been 
observed for both the 5-HT2C and dopamine D3 receptors (D3R) based on SpIDA 
analyses [193, 194]. In addition, the experimental temperature used can have a pro-
found impact on the GPCR being investigated. Nenasheva et al. observed a two-fold 
change in mobility for every 10°C change in temperature, suggesting alterations in 
protein-protein interactions or protein-lipid interactions or both [189].

Expression level differences between the smPB and FCS experiments for M2R 
seem unlikely given there were ~880,000 receptors per cell and ~52,000–620,000 
receptors per cell, respectively [82, 195]. These levels of expression are within an 
order of magnitude for M2R in rat cardiomyocytes that are estimated at 1.7 × 106 
copies per cell [196]. The discrepancies in the M2R results could be explained by 
photobleaching in the FCS/PCH measurements. It is well known that slow moving 
membrane proteins are prone to photobleaching during FCS measurements and 
photobleaching “shortens” the apparent diffusion time of the species [45, 79, 165]. 
Photobleaching can be difficult to detect because fluorescent molecules replen-
ish the bleached molecules leading to a steady intensity recording that does not 
decrease with time as expected. Stavesich et al. refer to this scenario as “cryptic” 
bleaching [165]. Therefore, it is possible that slower moving, and/or immobile 
tetrameric species were not “visible” in the FCS experiments but were in the FRET 
and single-particle experiments. The authors acknowledge that less mobile GPCR 
clusters in membrane microdomains would not be detectable in their FCS/PCH 
analysis [82].

4.2 SpIDA analyses of GPCR organization and dynamics

Many FFT studies performed to date have utilized the SpIDA technique to mea-
sure mEGFP-tagged GPCR proteins [36, 160, 188, 193, 194]. The original studies 
that employed SpIDA measured the organization of GABAB1 and GABAB2 receptors 
alone and in combination through antibody staining in rat spinal cords [157]. Godin 
et al. demonstrated through single- and double-labeling of B1 and B2 receptors 
that SpIDA returned the expected oligomerization state of monomer (single label) 
and dimer (double label). The authors also measured the dynamics of EGFR-GFP 
in absence and presence of 20 nM EGF [157]. Short-term incubation with EGF 
increased the amount of dimeric EGFR-GFP without any change in total protein 
on the surface suggesting that changes in monomer levels were not due to receptor 
internalization. These measurements were performed on a range of expression 
levels from 100,000 to 600,000 receptors/cell (32–220 EGFR per μm2) suggesting 
the oligomeric changes seen are not concentration dependent.

Milligan et al. measured 5-HT2C in the absence and presence of several distinct 
chemical ligands. They observed mostly monomeric 5-HT2C at low expression 
levels and a concentration dependent increase to larger oligomeric sizes. Several 
antagonists, including SB221284, disrupted the larger oligomeric species into mono-
mers and this was a time-dependent effect that was reversible by washing out the 
chemical [194]. Similar observations were seen for D3R where increased receptor 
expression in the plasma membrane shifted the receptor organization to dimer and 
higher-order oligomers [193]. Interestingly, several antagonists, including spiper-
one and haloperidol, promoted monomerization of the D3R while others, such as 
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eticlopride, nemonapide, and clozapine, had no effect. Importantly, Marsango et al. 
created a mutated version of D3R (Asp110Ala) that reduced its affinity for spiperone 
and this mutant receptor had less conversion to monomer species in the presence of 
ligand. This result suggests that the ligand affects the receptor-receptor interactions 
and not the lipid membrane, or another associated protein. Molecular dynamic 
simulations suggested that that spiperone binding increased the distance between 
transmembrane IV-V and haloperidol binding increased the distance between 
transmembrane I-II, which could disrupt interactions [193].

Measurements of the muscarinic M1 receptor using SpIDA revealed mostly 
monomer organization in the basal state with some dimers/larger species (75:25 
ratio) and addition of the antagonist pirenzepine caused a large shift to larger 
species (73.5%) [197]. Importantly, sustained treatment with pirenzepine also 
caused increase receptor expression from ~50 to ~120 receptor copies per μm2. 
Unfortunately, the authors were not able to determine if the shift to larger species 
upon antagonist incubation was due to binding, or increased expression. Similar 
to D3R, other antagonists had no effect on receptor association, such as the non-
selective agents’ atropine and N-methylscopolamine [197]. Disruption of the actin 
cytoskeleton with cytochalasin D enhanced M1 receptor oligomerization and this 
is not surprising given, cytochalasin D is known to redistribute caveolar/lipid 
raft-resident proteins, including GPCRs (β1-adrenergic receptors (β1-AR, β2-AR)), 
and increase cAMP levels [198]. The enhanced M1 receptor oligomerization was 
most likely caused by altered interactions of the GPCR with adenylate cyclase and 
Gαs due to disruption of lipid rafts/caveolae [198]. In contrast, the M3 receptor 
quaternary organization was not affected upon incubation with either pirenzepine 
or telenzepine antagonists [197]. Interestingly, the M3 receptor was measured as 
mostly monomers (~80%) based on SpiDA analysis but FRET analysis suggested 
the receptor existed as a mixture of dimers and tetramers [197, 199]. It is important 
to note that for the FRET study M3 receptor-Citrine and M3-receptor-Y149C/A239-
Cerulean were co-expressed and used for measurements. The Y149C/A239 mutation 
alters receptor ligand selectivity to allow activation by a synthetic chemical instead 
of acetylcholine [200]. The FRET study does not appear to have used monomeric 
versions of Citrine and Cerulean unlike the SpIDA study (mEGFP) and this could 
have led to oligomerization artifacts [201].

Most FFT studies on GPCRs have focused on class A receptors but two recent 
studies were performed on the peptide hormone secretin receptor (class B). Ward 
et al. observed a mixed population of monomers (33.8%) and dimers (59.2%) with 
only a small portion of receptors forming higher-order oligomers (7.1%) based on 
SpIDA analysis [160]. Addition of sodium butyrate, known to increase expression 
of GPCRs from viral promoters, led to increased expression and formation of 
higher-order oligomers (22% versus 7.1%) [160, 202]. Mutation of residues Gly243 
and lle247 to Ala in the lipid-facing side of transmembrane IV disrupted secretin 
receptor oligomerization, reduced cAMP production but did not change ligand 
binding affinity to the receptor [203]. SpIDA analysis indicated this mutant recep-
tor was 90% monomeric and there was no change in receptor association upon 
sodium butyrate addition. Interestingly, cholera toxin inhibition of Gαs expression 
in cells did not affect secretin oligomerization, suggesting receptor protein-protein 
interactions mediate dimer formation [160]. Short-term incubation of the mutant 
secretin receptor with secretin caused an increase in dimeric population but the 
wildtype receptor organization remained unchanged. It is known that the receptor 
can be internalized as a monomer, and the authors hypothesize that the increase in 
dimer formation could be due to clathrin-mediated clustering instead of genuine 
receptor-receptor interaction, but this remains to be determined.
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4.3 FCS, PCH, and N&B analyses of GPCR organization and dynamics

In addition to SpIDA studies, FCS, PCH and N&B analyses have been used 
to probe the dynamic assembly/disassembly of GPCRs [81–83, 168, 204–208]. 
Golebiewska et al. measured the oligomeric assembly of opioid receptor (OR) 
complexes in Neuro-2a cells [204]. They observed eYFP-μOR diffused in the plasma 
membrane at a rate of 7.3 × 10−9 cm2/sec suggesting the receptor is organized as 
dimers and tetramers based on FCS measurements. This diffusion rate was not 
affected upon incubation with 1 μM morphine ligand for 24 hours. However, 
co-expression of eYFP-μOR or eGFP-μOR with unlabeled μOR led to a decrease in 
the diffusion rate suggesting the formation of higher order oligomers. Moreover, 
incubation with a range of morphine concentrations over 24 hours significantly 
increased diffusion in a dose-dependent manner and this effect was reversible upon 
co-incubation with the antagonist naloxone. These results suggested that morphine 
disrupted the OR complexes into smaller species. In contrast to the FCS results, the 
eGFP-μOR molecular brightness increased (dimers to tetramers) in the presence of 
morphine based on N&B analysis. Furthermore, co-expression of eGFP-μOR with 
unlabeled μOR had a molecular brightness the same as eGFP-μOR alone but with a 
greatly reduced diffusion rate. The simplest model to explain this result was if two 
eGFP-μOR are in complex with two μOR forming a mixed tetramer of labeled and 
unlabeled receptors. Importantly, the brightness values for these complexes was 
broad which could mean there was anywhere from one to three eGFP-μOR. Their 
FFT measurements coincided with the results they obtained from FRET.

Pharmacological modulation of adenosine receptor function can be used to treat 
heart arrhythmias, asthma, stroke, and renal failure [209]. Adenosine A1 and A2a 
heterodimers displayed a faster diffusion rate in the plasma membrane of CHO 
cells compared to homodimers (5.6 × 10−9 versus 4.0 × 10−9 cm2/sec) based on FCS 
experiments [205]. Briddon et al. used a fluorescently labeled A1 agonist to quantify 
binding to the adenosine A1 receptor in single cells [206]. They identified at least 
two populations of receptors with varying diffusion times (tens to hundreds of 
millisecond) upon incubation with the agonist [206, 210]. Furthermore, there was 
a reduction in the amount of receptor complexes in the presence of an antagonist 
suggesting disruption of oligomer formation.

Bradykinin receptors (subtype B1 and B2) are GPCRs that mediate vascular 
contribution to inflammation and edema [211]. Single point and scanning FCS were 
used to measure the mobility of bradykinin subtype B2 receptor-GFP (B2R-GFP) 
expressed in HEK293 cells [207]. The B2R-GFP diffusion rate was measured to be 
3.5 × 10−9 cm2/sec in the plasma membrane by single point FCS and a similar rate 
was observed whether one- or two-photon microscopy was employed. Scanning 
FCS identified three populations of receptor with a large portion (~72%) of recep-
tors located in slow-moving aggregates. The FCS results combined with binding 
studies and FRET suggested that B2R complexes are dynamic and that pre-formed 
receptor-G protein complexes initiate rapid signaling through a limited number of 
molecules.

BiFC was combined with FCS analysis to identify and measure complex dynam-
ics between the neuropeptide Y (NPY) receptor and β-arrestin [168]. The NPY 
receptors play critical roles in food intake, bone metabolism, and cardiovascular 
regulation [212]. Y1 and Y2 receptors were measured to have similar diffusion rates 
~2.0 × 10−9 cm2/sec and treatment with NPY to cause internalization decreased the 
diffusion rate of Y1-GFP receptor but not Y2-GFP receptor. Mutations in β-arrestin 
that prevented recruitment and internalization blocked the agonist induced diffu-
sion changes observed for Y1-receptor. NPY treatment of Y1-receptor also caused 
an increase in brightness (~1.5 fold) based on PCH measurements suggesting 
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receptor clustering. Overall, Kilpatrick et al. interpreted their results to mean they 
were observing early events in arrestin dependent clustering and endocytosis of 
Y1-receptor. An important observation in this study was in relation to one of their 
control proteins used for PCH analysis. The authors used a membrane anchored 
GAP-GFP and were surprised to find the brightness of it was the same as Y1-GFP 
which they measured as a dimer based on FRET. They noted that the concentration 
level for GAP-GFP in the plasma membrane was 0.05 mM based on FCS. This con-
centration is very close to the Kd (0.1 mM) measured for GFP in vitro [213]. Their 
conclusion was that their membrane embedded monomeric control was probably 
clustering as a dimer possibly due to lipid microdomains.

4.4 Experimental caveats of FFT measurements on GPCRs

Most FFTs are ensemble measurements that report an average of the population 
compared to single particle experiments that focus on a single molecule and this 
should be kept in mind when trying to compare FFTs to single particle tracking 
experiments. It is very important to confirm that monomeric and dimeric controls 
for FFT measurements are appropriate for the analysis. Controls used in the above 
discussed studies included roundabout receptor 1 (dimeric axonal guidance recep-
tor), EGFR (dimeric), CD-86 (monomeric), CD-28 (dimeric), GABA heterodimer, 
palmitoylated-mEGFP (PM1) and palmitoylated-myristoylated-mEGFP-mEGFP 
(PM2) [82, 160, 162, 214]. For fixed cells/tissues, samples stained with secondary 
antibody only or background staining outside cells (primary and secondary) were 
assumed to have a nonspecific and monomeric distribution for the fluorescence 
signal [157]. Confirmation using a complimentary biochemical (e.g. blue native 
gel, column chromatography) approach to confirm oligomeric status of the control 
would be helpful. In addition, maintaining reasonable expression levels (lower than 
Kd, if known) to prevent non-specific interaction of control proteins is critical for 
proper calibration and determination of number of receptor subunits.

Many FFT studies chose to measure the receptor at lower temperatures 
(22–23°C) to minimize cellular movements and this should be kept in mind when 
interpreting dynamics that are not at a physiologically relevant temperature. 
SpIDA measurements for 5-HT2C, D3R, M1 receptor, M3 receptor and secretin 
receptor were performed on the basolateral/ventral surface of cells [83, 193, 194, 
197]. Receptor organization appears to vary depending on the membrane region 
measured. For example, 5-HT2C receptor measured at the apical surface of choroid 
plexus epithelial tissue (32 receptors/μm2) and dorsal surface of HEK293 cells are 
dimeric (~30 receptors/μm2) but at the basolateral/ventral surface is mostly mono-
meric (50 receptors/μm2) when measured at similar receptor densities [83, 194].

What factors besides technical shortcomings/artifacts could account for the 
observed differences in the oligomeric structure of 5-HT2C receptor? Oligomeric 
differences could be due to organizational differences in cytoskeletal and associated 
membrane proteins and/or differences in membrane tension [215, 216]. Clathrin 
forms membrane invaginations (pits) during endocytosis but can also form flat 
lattice sheets (FLCs) and the amount of lattice sheets can vary up to two-fold 
higher on the ventral versus dorsal membrane for HeLa and HEK293 cells [215]. 
Quantitative super-resolution imaging suggests that FLCs can functionally com-
partmentalize the plasma membrane to regulate signaling and FLCs can recruit or 
exclude the GCPR chemokine receptor 5 (CCR5). The interactions between CCR5 
and FLCs can be long-lived (minutes up to an hour) upon agonist stimulation 
independent of endocytosis [215]. Furthermore, lipid composition, curvature and 
membrane tension can affect GPCR oligomerization partly driven by receptor-
membrane hydrophobic matching [217, 218]. Importantly, membrane tension is 
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~4 times greater in regions that are connected to the cytoskeleton versus those that 
are not and affects clathrin assembly [219, 220]. The proportional contributions 
of these various processes could vary in the different membrane domains (dorsal 
versus ventral) of the cell leading to alteration in GPCR oligomerization.

Recently, there is a debate over the size and location of ROI to be taken for 
certain image FFTs such as SpIDA and 2D-FIF [163, 221, 222]. This debate stems 
from what one considers to be a biologically-relevant length scale. Annibale and 
Lohse suggested the implementation of an additional step in 2D-FIF protocol that 
includes case-by-case selection of homogenous regions of the membrane in order to 
exclude fluorescence “hotspots” [221]. It is not surprising to observe heterogeneities 
of image data as one “zooms” in given the compartmentalization of the plasma 
membrane due to cortical actin and clathrin structures [215, 223]. Their reason-
ing for this modification is that hotspots occur due to sub-cellular structures and/
or artifacts unrelated to receptor oligomerization, adding to the heterogeneity of 
data, thus confounding the analysis. Stoneman et al. responded to Annibale and 
Lohse’s concerns by pointing out that the brightness heterogeneity (~1.5) observed 
in their ROI sampling falls within the distribution of their monomeric control. This 
result implies two symmetrical data points exist 1.5 above and below the center of 
the Gaussian peak for the distribution that would represent 0.5 monomer [163]. 
Clearly, 0.5 of a monomer is not possible and this variation can be partly explained 
by micro-environment of fluorophore, fluorophore orientation with respect to 
polarization of excitation light and three dimensional folds of membrane [163]. 
Stoneman et al. do acknowledge that brightness fluctuations of 2-fold or greater are 
needed for the brightness spectrums to identify larger oligomeric species. They also 
emphasize that 2D-FIF inherently employs a rigorous low-pass filter during genera-
tion of spectrogram to remove the contribution from “hotpsots” and this is less sub-
jective then manual selection. The Annibale’s brightness values (supplemental Table 
1, [163]) using Stoneman’s data do not agree with Stoneman’s original published 
work and current re-analyses [162, 163, 221]. Stoneman suggests that this could be 
due to a flaw in their analysis procedure (i.e. correction for detector variance and 
intensity background). There is also disagreement concerning whether SpIDA and 
2D-FIF fail to discriminate large oligomers from large immobile background spots. 
Finally, both Stoneman and Annibale agree that combining spatial and temporal 
information (e.g. N&B approach with FIF) would be a robust approach. Overall, 
FFTs are powerful tools to measure dynamic changes in GPCRs organization in 
their native membrane environment provided the microscopic system is thoroughly 
characterized, appropriate controls are employed, sufficient number/size of ROI is 
measured and careful analysis performed.

5. Conclusions

GPCRs are dynamic receptors that can form transient homo- and hetero-
oligomers, and alteration in receptor quaternary states can impact signaling ability. 
Recent FFT experiments have shed new light on the affect agonists, antagonists, 
and ligands have on the oligomeric status of several class A and one class B recep-
tor. These fluorescence fluctuation analyses provide complimentary information 
to the more traditional biochemical, FRET, and radioligand studies performed on 
GPCRs. The power of these analyses is the ability to measure receptor dynamics 
at microsecond time scales on a few molecules with micrometer spatial resolu-
tion. Unfortunately, there is still controversy and disagreement on the oligomeric 
status of many GPCRs when comparing previous results to the more recent SpIDA, 
FCS, PCH, and N&B data. Some of the discrepancies could be contributed to 
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measurement location in cell membrane, or experimental conditions (e.g. different 
temperature, photobleaching). Other likely contributors to these differences are 
the limitations of measuring ensembles of molecules versus single particle tracking 
and the spatial/temporal scales of the different techniques. Researchers are begin-
ning to combine multiple techniques such as FFTs with super-resolution or other 
biochemical approaches (BiFC-FCS) to compensate for individual shortcomings. 
Application of these combined approaches to study GPCR dynamics not just in the 
plasma membrane but other internal organelles in cells and live animal tissues will 
hopefully help to resolve conflicting experimental results.
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