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Abstract: Nano-domains are sub-light-diffraction-sized heterogeneous areas in the plasma membrane
of cells, which are involved in cell signalling and membrane trafficking. Throughout the last thirty years,
these nano-domains have been researched extensively and have been the subject of multiple theories and
models: the lipid raft theory, the fence model, and the protein oligomerization theory. Strong evidence
exists for all of these, and consequently they were combined into a hierarchal model. Measurements
of protein and lipid diffusion coefficients and patterns have been instrumental in plasma membrane
research and by extension in nano-domain research. This has led to the development of multiple
methodologies that can measure diffusion and confinement parameters including single particle
tracking, fluorescence correlation spectroscopy, image correlation spectroscopy and fluorescence
recovery after photobleaching. Here we review the performance and strengths of these methods in the
context of their use in identification and characterization of plasma membrane nano-domains.

Keywords: nano-domain; lipid raft; image correlation spectroscopy; single-particle tracking;
fluorescence correlation spectroscopy; diffusion

1. Lipid Membrane Nano-Domains

Since the development of the Fluid Mosaic Model [1], multiple new models have been proposed
and sensitive methods developed to both explain and probe the heterogeneity of the plasma membrane.
After the introduction of the Fluid Mosaic Model, the detergent method supported a central tenet
of the Fluid Mosaic Model by providing more evidence of a heterogeneous plasma membrane [2].
The detergent method and modifications of the protocol have been used since then [3,4]. In the 1980s a
new very popular description of nano-domains arose from work on model membrane systems, which
described the membrane as sub-divided into lipid fractions as liquid disordered and sterol-dependent
liquid ordered domains. The liquid ordered fraction, unlike the disordered fraction, is highly structured
due to high concentrations of cholesterol ensuring tight packaging that keeps the lipids in place (see
Figure 1) [5] The group of model membrane experiments showed, for the first time, that the lipid
membrane nano-domains can affect the diffusion of lipids as well as proteins [6]. In the late 1990’s the
so-called raft hypothesis was proposed [7] and quickly gained popularity within the field. The raft
model describes lipid microdomains enriched with cholesterol and sphingolipids, which can selectively
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include or exclude various membrane proteins. In 2006 the community agreed upon nano-domains
being characterized as small heterogeneous areas in the plasma membrane that are between 10 and
200 nm in diameter, which are enriched with both cholesterol and sphingolipids. Further, they can,
over a certain time frame, be stabilized by either protein-protein or protein-lipid interactions [8]. A few
years later it was generally accepted that lipid-lipid interactions could also enhance the stabilization of
nano-domains [9]. Multiple reviews with a more in-depth history and description of nano-domains
are available, see, e.g., [10,11].
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Figure 1. Illustration of the different types of nano-domains in the hierarchal model. (A) Illustrates
the proteolipid nano-domains, which are stabilized by increased concentrations of sphingolipids and
cholesterol. (B) Shows the actin anchored nano-domains which are coupled to the underlying actin
network. (C) Illustrates protein oligomerization that can also appear as nano-domains.
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With the implementation of higher resolution analytical methods to measure diffusion e.g.,
single-particle tracking [12], local reductions in the diffusion coefficient and spatial variation in diffusion
patterns were observed on cells. It was predicted that these variations were due to nano-domains.
However, it gave rise to an alternate hypothesis called the fence model to describe the heterogeneous
diffusion behaviour and at the same time questioned the nano-domain theory. The hypothesis was that
the diffusive behaviour was mainly affected by the membrane-proximal actin cytoskeleton, which is
especially evident in the so-called hop diffusion transport, where the hop is understood to be the protein
jumping across the actin grid boundary into an adjacent domain, where it then randomly diffuses around
for a period of time, before hopping again into a new actin-filament-defined compartment [13,14].
Later on, the hierarchal model was proposed to describe the plasma membrane [15], which included
both the lipid nano-domains and the actin-derived nano-domains but also a group that is defined
as oligomerized membrane proteins. The motivation for the hierarchal model is that there is strong
evidence that all of these types of domains are present in plasma membranes. The illustrations of the
three types of nano-domains can be found in Figure 1.

Nano-domains have been shown to affect multiple mechanisms involved in cell metabolism and
function. There is strong evidence for a role of nano-domains in membrane signalling processes [16–18]
and membrane trafficking [19], moreover, nano-domains are also implicated in various diseases like
cancer [20] and cardiovascular diseases [21]. Based on these essential functions of the nano-domains in
plasma membrane, it is essential to have valid methods for their identification and characterization
to understand their functions in greater detail. This will also give a greater insight into the various
nano-domain-derived diseases and possibly aid in evaluating pharmaceutical treatments and ultimately
in disease prevention.

Over the time period that models of membrane nano-domains have been developed and refined,
multiple analytical methodologies have been introduced to define them through measurements. Many
different methodologies are used in current research of nano-domains, including the detergent method,
model membranes, cholesterol manipulation, membrane sensitive probing and diffusion methods.
The focus of this paper is exclusively to summarize diffusion measurement methods to identify both the
size and function of membrane nano-domains. The other methods are well reviewed elsewhere [22,23].
The focus of this review will be to provide insight on the various methods to analyse nano-domains
based on molecular diffusive behaviour and will include a discussion about their individual strengths
and weaknesses.

2. Single Particle Tracking

Single particle tracking (SPT) was implemented for the first time in the 1980s using gold
nanoparticles as labels for biomolecules which could be imaged and tracked individually via video
microscopy [24]. However, in the mid-1990s, SPT using fluorescent markers was developed, with
which tracking of both lipids and receptor proteins in the plasma membrane was demonstrated [25,26].
These application extensions led to a rise in popularity of the method in the early 2000s. This growth
has continued over the years and was further augmented with the developments of super-resolution
microscopy techniques like photoactivated localization microscopy (PALM) [27] and variants, which
have been combined with SPT [28].

SPT follows (i.e., tracks) the movement of imaged labels attached to single particles or molecules,
and the resulting trajectories may be analyzed in order to measure the molecular motion. In practice, a
molecule is tagged with a fluorophore or alternatively with a more photostable quantum dot nanoparticle,
since long tracking periods improve the signal-to-noise ratio for the method [29]. The sample is then
imaged as a time-lapse image series (a movie) using a fluorescence microscope. In each frame of
such a movie, the position of each biomolecule is detected as an isolated diffraction-limited peak.
Each intensity peak is analyzed individually (usually using a 2D Gaussian-model for the intensity
distribution) to extract the molecular coordinates with sub-pixel precision (provided that enough
photons are recorded per frame). For each molecule, a trajectory may be formed by quantitative linking
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of the particle coordinates in consecutive frames. The trajectories are then analysed, traditionally via
mean squared displacement versus time plots (see below), to reveal the characteristics of the underlying
motion. Using the SPT approach, it has been found that the diffusion behaviour of molecules in the cell
membrane varies or regularly changes between multiple canonical patterns, namely free diffusion [30],
confined diffusion [30], hop diffusion [31], channelled diffusion [32], stimulation-induced temporary
arrest of lateral diffusion (STALL diffusion) [33] and directed motion [34]. The most common diffusion
types seen are illustrated in Figure 2B. Some of these diffusive behaviours are believed to be the
result of nano-domains, where the confined and STALL diffusion is believed to be mainly due to
motion and trapping within lipid nano-domains, whereas the hop diffusion is thought to be a result of
actin-derived nano-domains.
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Figure 2. Overview of the most common transport behaviour detected via SPT analysis. The transport
modes shown (directed motion, free diffusion, hop diffusion and confined diffusion) have been assigned
a color in (A). (B) Color-coded representative example trajectories for each transport behaviour. (C)
Schematic of the mean square displacement (MSD) versus time plots calculated from the trajectories for
the transport categories described in (A,B).

One key advantage of SPT is that it tracks the motion of individual molecules or particles.
Consequently, if each trajectory is sufficiently long, no population averaging is needed, and the method
may deliver single-molecule results based on single-molecule measurements. This is desirable in the
common case where the population of molecules under study shows heterogeneous behaviour in
terms of mobility. In order to take advantage of the single-molecule resolution, each trajectory must
be analysed individually. Initially, one may identify individual molecules that are immobilized but
appear to be moving due to localization errors [35] in the measurement of the molecule’s position [36].
If retained in the downstream analysis, such an immobile fraction of molecules could bias any derived
diffusion parameters. Each molecule in the remaining mobile fraction then may and should be
analysed individually. If the trajectories are sufficiently long, one can in principle use the mean-squared
displacement (MSD) over time to discriminate between free, compartmentalized, and confined
diffusion [37], as illustrated in Figure 2C. If trajectories, on the other hand, are short, which is not
uncommon when imaging single fluorescent molecules (where photobleaching of the probe limits the
acquisition), rigorous classification based on individual trajectories is next to impossible. For instance,
when trajectories are short, freely diffusing molecules may be interpreted as diffusing in confinement
and vice versa, as demonstrated in simulations [36]. An alternative approach initially assumes normal,
free diffusion and proceeds to extract the diffusion coefficient directly and analytically from each
trajectory, while accounting for motion blur and localization errors [38,39]. In this case, one should
follow up with a statistical test for consistency of trajectories being actual realizations of normal, free
diffusion with a diffusion coefficient given by the average measured diffusion coefficients [38,39]. There
are two possible outcomes of this: either data are consistent with the hypothesis that the molecules
are exhibiting free and normal diffusion and the estimates of diffusion coefficients are reliable, or
the data are inconsistent with that hypothesis. In the latter case, one may have to compromise on
the single-molecule results and, e.g., obtain the population-averaged MSD. Since free diffusion was
already ruled out, it is likely not linear as a function of time-lag. This population-averaged MSD may
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be consistent with other types of diffusion, however, such as directed, compartmentalized, or confined.
If so, diffusion parameters may be extracted by a fit of an appropriate model MSD to the data. This
procedure was recently applied to extract diffusion coefficients and sizes of confining regions based on
short trajectories obtained in SPT-PALM experiments [36].

One should be wary when using 2D SPT analysis, as it might introduce a bias due to the assumption
that the topography plasma membrane is completely flat in the imaged region of the membrane. It has
however been shown that this is not completely true, and might actually compromise the diffusion
coefficient measurement significantly [40]. It has been proven, that it is possible to do 3D SPT in high
resolution [41]. A 3D approach might be a more consistent approach in the identification of diffusion
coefficients using SPT in future works.

3. Fluorescence Correlation Spectroscopy

Fluorescence correlation spectroscopy (FCS) was originally developed as a tool to identify binding
of a fluorescent marker (ethidium bromide) to DNA molecules in a solution [42]. In practice, the
technique measures fluctuations in the fluorescence intensity as the number of fluorescent molecules
changes in time from within a tiny specific area or volume that is exposed to a tightly focused laser beam.
Intensity fluctuations arise from any process that changes the number of fluorescent molecules within
the excitation focal spot, e.g., reactions that reduce or increase fluorescence, or molecular transport such
as flow and/or diffusion that can either increase or decrease the density of fluorescent particles in the
laser beam focus [42]. FCS analysis of the intensity time series entails calculation of a normalized time
autocorrelation function of the intensity fluctuations as seen in Equation (1), where δIis the amplitude of
fluorescence fluctuation and <I> is the average fluorescence intensity from the time series, and τis the
time lag or shift parameter of the autocorrelation function. The calculated autocorrelation function can
be fitted with a decay model and the characteristic fluctuation time is extracted as a fitting parameter if
the focal spot size is known. The characteristic fluctuation time is effectively the average residency time
for the fluorescent molecule to be present within the illumination spot [42].

G(τ) =
〈δI(t) × δI(t + τ)〉

〈I2〉
(1)

Shortly after the development of FCS, it was applied with the aim of detecting and measuring
the mobility of molecules in cell membranes. Unfortunately, instrumental limitations did not allow
such measurements at the time, and needed the technological development provided by scanning FCS
(sFCS) in the mid-1980s [43] and confocal pinhole FCS [44]. These later developments significantly
accelerated the use of FCS within the biological fields. The scanning method made it possible to move
the laser beam around and thereby getting a bigger scanning area, without increasing the time resolution
significantly. This made it possible to identify aggregates and slow-moving molecules in cell membranes,
and thereby characterizing diffusion and flow behaviour. With the discovery of nano-domains, FCS was
a natural tool to apply for their characterization. Further extensions to FCS have been developed, which
are able to provide more precise results for nano-domain research including imaging FCS (ImFCS),
spot-variation FCS (svFCS) and binned-imaging FCS (bimFCS). An illustration of the different FCS
methods is shown in Figure 3. Additionally, FCS is often the go-to technique when designing innovative
experimental setups for diffusion analysis; an example of this is the combination of FCS and optical
nano-antennas that can be used to identify nano-domains [45,46].
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Figure 3. A schematic overview of FCS basics and techniques. (A–C) shows the basic principle in FCS
fluorescence fluctuation analysis. (A) Shows that when a fluorescent particle (purple circle) diffuses
into the laser focal spot (red circle) on a cell (black circle), it will be excited and emit fluorescence
photons which are collected and detected. The random movement of fluorescent molecules in and out
of the laser focal spot will result in a fluctuating intensity plot which reflects changes in the number
of fluorophores in the focal spot as seen in (B). A time auto-correlation function of the fluctuations is
calculated and fitted with an appropriate decay function as seen in (C). Measurement of the focal spot
radius combined with the characteristic fluctuation time from the autocorrelation fit allows calculation
of D for the fluorescent molecules. (D–F) Illustrates the different variants of FCS techniques described in
the main text. (D) Shows the svFCS where the laser focus area is increased, which is utilized to measure
the diffusion coefficient and test for confinement on different spatial scales. (E) Illustrates the imFCS
method where the fluorescence fluctuation analysis is applied to an image stack over multiple region of
interest (ROI), where each red square corresponds to an individual ROI. (F) Showcases bimFCS, which
is in principle the imaging version of the svFCS.

3.1. Imaging FCS

A significant extension of FCS is the ImFCS technique [47], which uses a highly sensitive camera,
e.g., an electron multiplying charge-coupled device (EMCCD) camera, combined with total-internal
reflection fluorescence microscopy (TIRFM) for area- instead of point-detection. The system is able
to apply the FCS technique across the pixel array to measure diffusion over entire cells and thereby
improving the throughput and the scope of the analysis [48]. The method analyses times series from [44]
multiple pixels across the image to determine the FCS measurement for an area, however there should
be a certain distance between the pixels, from which the signal is measured, to avoid cross-talk between
signals in neighbouring pixels [47].

This tool has been utilized to identify and describe nano-domains in regard to both diffusion
coefficient and lateral distribution [49].

3.2. Spot Variation FCS

Another method that has become quite popular in the plasma membrane field is the spot variation
FCS (svFCS) method [50]. Shortly after its initial introduction, it was applied to identify and characterize
membrane nano-domains [51]. The method is based on changing the size of the focal spot area illuminated
by the laser beam, which will result in an increase of the transit time of fluorescent biomolecules for
increasing spot sizes. The increase follows a linear model, with the slope being the inverse of the
effective diffusion coefficient. The intercept can be utilized to identify the diffusion-confinement type
in order to classify the category of membrane nano-domain. If the intercept is significantly positive it
will be identified as a STALL diffusion type, if the intercept is significantly negative it correlates to hop
diffusion representative of actin derived nano-domains, and if the intercept is zero it is described as free
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diffusion. However, this method still involves extrapolation because the size of the nano-domains is
below the light diffraction limit resolution [52]. It required the development of the stimulated emission
depletion (STED) microscopy [53] to extend this method further, hence it allowed for analysis with
resolutions far below the diffraction limit. An example of svFCS combined with STED microscopy
showed a clear differentiation between free diffusion of phosphoethanolamine and STALL-like diffusion
of sphingomyelin, supporting the proteo-lipid nano-domain theory [54]. Since then, the STED-FCS
combination has become very popular for application within multiple research areas, including plasma
membrane research, which has led to commercialization of dedicated STED-FCS instruments.

3.3. Binned-Imaging FCS

Binned-imaging FCS (bimFCS) is conceptually similar to svFCS [55]. The difference is mainly
in the data acquisition, where the bimFCS is collected as TIRFM images and then analysed. When
the image has been acquired, bimFCS utilizes the spot variation technique, which for bimFCS is
applied by grouping pixels into different sizes of “super-pixels” e.g., 2 × 2, 3 × 3 and 4 × 4 pixels.
After the construction of the required super-pixels, the same data analysis as in svFCS is applied and
interpretation and classification of diffusion coefficient and confinement class remain unchanged. This
method has proven to discriminate diffusion behaviour and is therefore a great choice for identifying
membrane nano-domains if a TIRFM is available [56]. A detailed step by step protocol for bimFCS
analysis can be found in [57].

4. Image Correlation Spectroscopy

Image correlation spectroscopy (ICS) is a technique developed as an extension to the scanning
FCS technique [58]. ICS extended fluorescence correlation spectroscopy with a wide-field view to
investigate the spatial domain by using fluorescence microscopy images as input for analysis. The first
applications of the method analysed fluorescence images from confocal laser scanning microscopes
and employed only spatial image correlation analysis on static samples (chemically fixed cells) to
measure cell surface receptor densities and aggregate size distributions [59]. However, over time, the
method was extended to different types of fluorescence and super-resolution microscopes and different
types of correlation analysis (spatial, temporal, k-space and time) which made it possible to extend the
range of parameters that could be analysed by ICS analysis.

ICS is thoroughly described in [58] and is a technique that analyses the intensity fluctuations
input from fluorescence microscopy images collected as time series from a cellular (or in vitro) sample.
An intensity fluctuation is defined as the intensity difference of a pixel from the mean intensity of
either an entire image area or a specific region of interest (ROI) (or for temporal ICS the mean intensity
of a pixel stack in time) [60].

Since its inception in the early 1990′s, multiple variants of the ICS were developed to optimize
different types of measurements. These extensions included temporal image correlation spectroscopy
(TICS) [61], image cross-correlation spectroscopy (ICCS) [62], spatio-temporal image correlation
spectroscopy (STICS) [63], k-space image correlation spectroscopy (kICS) [64], raster-scan image
correlation spectroscopy (RICS) [65,66], particle image correlation spectroscopy (PICS) [67] and
photobleaching image correlation spectroscopy [68]. Real-space ICS techniques can generally be
classified as a subset of the same generalized spatiotemporal correlation function [69] (this does not
include reciprocal space kICS [60]):

rab(ξ, η, τ) =
〈δia(x, y, t) × δib(x + ξ, y + η, t + τ)〉xy

〈ia(x, y, t)t〉 × 〈ib(x, y, t + τ)〉t+τ
(2)

The intensity, i(x, y, t), is defined in image space by pixels (x,y) and in time (t) where t is the time
collection point for each frame in the image series. The fluorescence intensity fluctuation, δi(x, y, t), is
defined as:

δi(x, y, t) = i(x, y, t) − 〈i(x, y, t)〉 (3)
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where <i(x,y,t)> is the mean intensity average over space for the image or ROI.
The angular brackets in the numerator of Equation (2) indicate the calculation of a spatial correlation

function averaged over pairs of images separated by time (frame) lags through the image time series
and this is normalized by mean intensities as shown. The calculation is repeated for each sequentially
increasing discrete integer step from 0 to the maximum time lag (N image frames). The overall
space-time correlation is a function of pixel shift (i.e., spatial lags) variables and frame shift (i.e., temporal
lag) variable.

4.1. Spatio-Temporal Image Correlation Spectroscopy

Spatio-temporal image correlation spectroscopy (STICS) is an extension of the original ICS methods
that analyses imaged fluorescence fluctuations in space and time by calculating the full spatio-temporal
correlation function represented by Equation (2) for a single imaging collection channel (i.e., a = b).
STICS has proven to be very useful for biomolecule flow measurements in static and motile cells for
identifying directed movement of various labelled molecules [63]. STICS has been applied to map
transport of component proteins in and out of forming and disassembling membrane mechanosensory
podosome complexes in human dendritic cells [70].

The basic STICS method has been extended to mapping co-transport of two different biomolecules
labelled with fluorophores of different emission wavelengths and imaged in two different detection
channels. This derivative is termed spatio-temporal image cross-correlation spectroscopy (STICCS)
and the analysis involves the calculation of the full spatio-temporal correlation function represented by
Equation (2) for two imaging collection channels (i.e., a , b) from the dual color image times series
collected for the two different labelled molecules.

More recently, an extension has been developed for STICS called velocity landscape correlation
(VLC), which is able to extract multiple flow velocities from the extension of the basic STICS analysis [71].
Such extensions, including iMSD (see below), should prove useful for future work in the analysis
of nano-domains.

STICS can be used for diffusion measurements and is even able to identify diffusion behaviour in
a similar manner to SPT [72]. Compared to SPT, STICS can successfully measure at higher densities of
photoactivated molecules and a lower signal/noise ratio. However, as an ensemble method, STICS
does not provide single molecule trajectory data, which is one of the greatest advantages of SPT [72].

4.2. Imaging Mean Square Displacement

An extension to the STICS method called imaging mean square displacement (iMSD) has also
been introduced recently. The iMSD method measures the time-dependent spreading of the width
of the space-time correlation function in order to quantify an ensemble averaged MSD as a function
of time from the imaged region. The iMSD technique can detect mean displacements between 25
and 100 nm without any a priori assumptions on the diffusion properties of the molecules [73] and
can be carried out at multiple scanning speeds [74]. The iMSD approach returns the time-dependent
variance of the space-time correlation function by fitting the correlation function with a Gaussian fit as a
function of time. A plot of the correlation function variance as a function of time is the averaged MSD(t)
curve so the slope, plateau and intercept report similar molecular parameters (diffusion coefficient,
confinement type) as SPT but as an ensemble average so the method is rapid [73]. The iMSD has
seen use in both intracellular trafficking [75] and plasma membrane dynamics [76]. The work done
on plasma membrane dynamics showed that the iMSD measurement can resolve confined, partially
confined and linear diffusion of membrane components, which can be used to identify nano-domains
in the plasma membrane [76].

4.3. PICS

The particle image correlation spectroscopy (PICS) method combines the advantages of SPT and
ICS [67], resulting in a technique that functions at a high particle density, but is less impacted by the
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optical resolution limit compared to non-super-resolution traditional ICS analysis methods. The model
is created assuming ideal conditions of the diffusing particles, however, there are modifications to the
PICS algorithm, that can be applied if the specific analysis does not meet the assumptions, as would be
the case for multiple diffusion coefficients [67].

PICS has been shown to be able to discriminate and measure two diffusion coefficients, which is a
great advantage, when working on analysing plasma membrane organization including nano-domains.
The PICS model may not be valid if there are protein-protein interactions that do not follow the
mean-field approximation [67]. This could be an issue regarding membrane proteins, since these
interactions can be very complex especially in consideration of confinement within nano-domains.

4.4. k-Space Image Correlation Spectroscopy

The k-space image correlation spectroscopy (kICS) is a reciprocal space variant of ICS and was
developed to allow measurements of diffusion and/or flow in the presence of complicating on/off emission
blinking of the probes as was exhibited by quantum dot nanoparticles [64]. With kICS, each image in an
acquired image stack is Fourier-transformed in space with a 2D FFT to convert to an image time series of
spatial frequencies (not spatial pixels). Time correlation is then performed on the spatial frequency image
series from the Fourier transform and the output, which is the kICS correlation function, is analysed
with appropriate models. If the emission photoblinking is strictly time dependent, the kICS analysis
can separate the photoblinking correlations in time from the space-time dependent molecular transport
correlations. The kICS method has been shown to successfully measure the dynamics of membrane
macromolecules labelled with quantum dot nanoparticles and has also been able to extract both flow
velocities and diffusion coefficients that match values from SPT measurements [64]. It has further
been proven that kICS, unlike SPT can function both in high and low density labelled macromolecule
environments, making the method more flexible than SPT in the molecular density dynamic range [77].
The k-space time correlation function is represented symbolically as follows:

r(k, τ) = 〈̃i(k, t) × ĩ∗(k, t + τ)〉t (4)

where ĩ are the Fourier transformed images, * represents complex conjugation of the Fourier transformed
image, and the angular brackets indicate a time autocorrelation. If the point spread function is symmetric,
the k-space time correlation function is radially averaged and then the natural logarithm is applied. If
the photophysics of the fluorophore is only time dependent (not spatial), there is only diffusion (not
flow) and there is only one diffusing fluorescently labelled species, then we obtain equation 5 which is
used for kICS analysis:

ln
(
r
(
|k|2, τ

))
= ln

N ×
q2I2

0ω
4
0π

2

4
×

〈
θ(t) × θ(t + τ)

〉 − |k|2 × Dτ +
ω2

0

4

 (5)

where N is the number of particles in the image, q is the quantum yield, I0 is the peak central intensity
of the focused laser, ω0 is the e−2 laser beam radius, θ is a photophysics variable describing if the
particle is fluorescing (1 if yes and 0 if no), and Dτ is the diffusion coefficient.

A plot of the natural logarithm of the radially averaged k-space correlation function versus |k|2

will decay linearly for pure diffusion and the y-intercept with depend on the emission photophysics
correlations, instrumentation factors and the molecular density. The plot is fitted from its linear decay
regime through to a noise floor using a three-knotted spline of first order. The initial linearly decreasing
part of the spline spans k-vectors where molecular transport is still correlated for a given time-lag.
The slope of the linear correlation decays is collected for each time lag and plotted against the time
lag resulting in another linear plot to which linear regression is applied and the slope is the diffusion
coefficient [60,64]. An example of a kICS analysis plot is given in Figure 4.
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Figure 4. Figures showing kICS correlation function analysis to measure a diffusion coefficient for a
labelled molecule in a 2D system. (A) An example of a simulated image stack analysed with equation 5
at a given lag time τ. The linear fit is shown for |k|2 between 0 and 0.8 to obtain the diffusion coefficient
for k-vector scales still exhibiting correlation above the noise floor for this time lag. This linear fit slope
is measured at multiple τ lag values and plotted versus lag time as seen in (B). The slope of this slope
versus time lag plot is fit with a linear regression in (B) and the diffusion coefficient is the negative of
the fit slope value (in this case 1 µm2/s).

An extension of kICS analysis was applied to study nano-domains in cell membranes by a
two-component model that could detect and measure the motion and fractional distribution of e.g., a
protein inside and outside domains smaller than the PSF focus [78,79].

5. Fluorescence Recovery after Photobleaching

Fluorescent recovery after photobleaching (FRAP) was a technique developed in the 1970s [80,81]
and is still commonly used to measure biomolecule diffusion in cells.

The method works by focusing a laser on a small area of a fluorescently labelled cell, and after a low
intensity initial fluorescence baseline measurement in time, the laser is increased to high intensity for a
brief time period. The high intensity perturbation photobleaches the fluorophores and, consequently,
the illumination area becomes dark as the emitting fluorophores are depleted. The illumination laser
is switched back to its lower observation intensity and the fluorescence intensity from the bleached
region is monitored over time. The fluorescence signal in the photobleached area will recover over
time due to labelled molecules diffusing (or flowing) back into and photobleached molecules diffusing
(or flowing) out of the FRAP observation area. After a certain time, the maximal recovery will be
reached as a plateau in the intensity recovery curve. If this does not match the initial pre-bleach
intensity, it indicates the presence of an immobile fraction of labelled molecules. The recovery curve
can be fit with an appropriate model to obtain the diffusion coefficient for the mobile fraction. Various
derivatives of FRAP have been developed to improve the technique. Line FRAP is an important
extension which can be used in research on membrane nano-domains as it allows for faster and more
localized measurements of diffusion coefficients due to a smaller region being bleached [82].

FRAP has been widely applied for studies on membrane nano-domains, by measuring the
diffusion coefficients and immobile fractions of nano-domain related proteins. This has been achieved
by manipulating the cholesterol levels in the cellular plasma membrane using methyl-β-cyclodextrin
(MBCD) and then observing the changes in the diffusion coefficients via FRAP [83]. An increase in
diffusion coefficient would mean that there are fewer or smaller nano-domains to slow down molecules
resulting in faster recovery, while a measured slower diffusion coefficient would indicate the opposite
result. The same scenario could also be explored with an agonist that is expected to activate proteins
and “trap” these in nano-domains, which would result in slower FRAP recovery. An agonist approach
would probably be more ideal to identify nano-domains and especially their involvement in cell
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metabolism. The reason for this is that cholesterol manipulation in the plasma membrane can also alter
the intracellular cholesterol content and thereby have a huge negative impact on the physiology and
metabolism of a living cell [84].

6. Discussion

There are many techniques which are able to measure the diffusion coefficients of proteins and
lipids in plasma membranes and all of them are widely used in the nano-domain research field. All of
these methods have both strengths and weaknesses and the strengths are amplified and weaknesses
compensated for when multiple techniques are used to address the same system. The greatest strength
of SPT is that it is possible to get trajectories from individual molecules, which makes it possible to
visually define the transport behavior of each labelled molecule. However, SPT is much more time
consuming as it requires many replicates to obtain statistically meaningful results for the diffusion
coefficient and SPT begins to fail when the labelled molecule density is too high. These weaknesses of
the SPT can be solved by applying either the FCS or ICS techniques. Among the correlation-based
techniques, FCS is the most developed for the identification of nano-domains and in particular
the svFCS and bimFCS methods have advantages, as they also provide some information about
confinement-induced deviations from free diffusion behavior along with the diffusion coefficients.
They are, however, limited to only detecting three kinds of anomalous diffusion behavior, whereas SPT
trajectories can reveal all diffusion and transport patterns. The original FCS and imFCS techniques
work well for measuring diffusion coefficients and detecting changes in the diffusion, however they
do not have the ability to clearly define transport modes that deviate from free diffusion apart from
assessing anomalous diffusion. This is also the case for most of the ICS techniques. The development
of STICS to work in a similar fashion as SPT but for higher densities (ensembles) of labelled molecules
has certain advantages in cell expression systems (e.g., fluorescent proteins) and might be able to
be developed further in combination with super-resolution microscopy for the identification and
characterization of nano-domains. PICS have also shown some great promise in the identification of
nano-domains but the complication of protein-protein interactions might present a significant challenge
when investigating the interaction between proteins and nano-domains. The FRAP technique has some
of the same strength as FCS and ICS, but when using FRAP it is difficult to sample large representative
areas for analysis. However, it still remains an excellent tool to define the diffusion coefficient and also
to identify the immobile fraction of the molecule of interest in the plasma membrane.

All the mentioned techniques have added to the current knowledge of plasma membrane
organization and nano-domains. This is exemplified by how SPT has helped in identifying different
diffusion patterns [30–33], or how the spectroscopic techniques like ICS and FCS have made it possible
to use to determine diffusion coefficients corresponding well with SPT measurements in more populated
membranes and with less bright fluorophores [78,79]. The pace of development in the bioimaging field
is not slowing down. New variants of super-resolution microscopy and fluorescent labelling strategies
are pushing the detection limits and will spur new extensions of the currently available analytical
techniques to further resolve the mysteries of membrane nano-scale domains.
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