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ABSTRACT Cell membrane organization is dynamic and is assumed to have different characteristic length scales. These
length scales, which are influenced by lipid and protein composition as well as by the cytoskeleton, can range from below the
optical resolution limit (as with rafts or microdomains) to far above the resolution limit (as with capping phenomena or the forma-
tion of lipid ‘‘platforms’’). The measurement of these membrane features poses a significant problem because membrane
dynamics are on the millisecond timescale and are thus beyond the time resolution of conventional imaging approaches.
Fluorescence correlation spectroscopy (FCS), a widely used spectroscopic technique to measure membrane dynamics, has
the required time resolution but lacks imaging capabilities. A promising solution is the recently introduced method known as
imaging total internal reflection (ITIR)-FCS, which can probe diffusion phenomena in lipid membranes with good temporal and
spatial resolution. In this work, we extend ITIR-FCS to perform ITIR fluorescence cross-correlation spectroscopy (ITIR-FCCS)
between pixel areas of arbitrary shape and derive a generalized expression that is applicable to active transport and diffusion.
ITIR-FCCS is applied to model systems exhibiting diffusion, active transport, or a combination of the two. To demonstrate its
applicability to live cells, we observe the diffusion of a marker, the sphingolipid-binding domain (SBD) derived from the amyloid
peptide Ab, on live neuroblastoma cells. We investigate the organization and dynamics of SBD-bound lipid microdomains under
the conditions of cholesterol removal and cytoskeleton disruption.
INTRODUCTION

Over the last decade, it has become clear that the plasma

membrane of cells, far from being uniform, is highly orga-

nized yet dynamic, consisting of a multitude of interacting

subdomains within the lipid membrane. The length scales

of these associations on the membrane span a wide range

of magnitudes ranging from small, nanometer-sized choles-

terol-rich rafts to large, micron-sized ceramide-rich plat-

forms (1–3). These highly heterogeneous structures exhibit

dynamics on the millisecond timescale (4). Hence, the

dynamic organization of the cell membrane can be under-

stood only by the application of techniques that incorporate

spatial as well as temporal measurements of diffusion, and

thus provide a picture of how the membrane works as a

system on a larger scale.

Fluorescence correlation spectroscopy (FCS) was devel-

oped as a technique to measure the diffusion coefficients

of molecules, to understand flow processes, and to analyze

the kinetics of reacting chemical systems (5–9). It was

quickly realized that FCS could be applied in living cells

to measure the diffusion behavior of membrane-associated

molecules at the cell surface, and to gain information about

segregation of these molecules into liquid-ordered and

-disordered states, since they have different characteristic

diffusion behaviors (10). Originally conceived as a temporal

correlation technique, FCS was modified to perform correla-
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tion in the spatial domain under the name of image correla-

tion spectroscopy (ICS) (11) (for review, see Kolin and

Wiseman (12)). ICS is useful for estimating the number

and size of aggregates, which can also be determined by

number and brightness (N&B) analysis (13). Recently,

N&B analysis was extended to observe variations in number

and brightness as a function of time by means of an electron

multiplying charge-coupled device (EMCCD) camera (14).

N&B analysis depends on the amplitude fluctuations,

whereas ICS relies on the spatial correlation of the fluores-

cence fluctuations. For example, ICS can be used to study

the spatial distribution of receptors on the membrane, but it

cannot determine the dynamics of a system, since only

spatial correlations are performed.

The introduction of image cross-correlation spectroscopy

(ICCS) extended ICS to include temporal correlations (15),

and thus allowed the measurement of dynamic behaviors

of molecules on the cell surface (16–18). ICCS then under-

went a series of further modifications, the first of which

was to include vectorial information with the introduction

of spatiotemporal ICS (STICS) (19). STICS has been used

to measure protein diffusion and protein flow in living cells,

but is sensitive to the photophysics of the labeled molecules,

such as bleaching. The introduction of k-space ICS (kICS)

overcame this problem, as it is not sensitive to bleaching

and blinking artifacts (20). The main obstacle of the afore-

mentioned ICS methods is that they are limited by the

imaging rate of the microscope. As an alternative, raster

ICS (RICS) was developed to take advantage of the pixel/

time structure within a raster scanning image, as obtained
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from confocal microscopy, to compute temporal correlations

(21). Although RICS currently offers better temporal resolu-

tion than EMCCD-based FCS, it is not isotropic and is

limited along a scanning line by the laser beam dwell time

per pixel, and between lines by the time it takes for the

microscope to scan a whole line. In addition, the technique

used to correlate the images depends on the diffusion coeffi-

cient or velocity being measured, since each technique has its

own characteristic time resolution.

Apart from image-based methods like STICS, temporal

FCS methods such as two-beam cross-correlation spectros-

copy (CCS) (22) and spatial two-photon CCS (23) have been

used to characterize flow processes. Flow velocity and flow

directions have been determined in vivo and demonstrated in

zebrafish blood vessels (24–26). Recently, spatial CCS was

carried out with the use of a spatial light modulator (27).

FCS systems generally use point detectors (e.g., avalanche

photodiodes or photomultiplier tubes) as detectors. Multi-

plexed FCS experiments have been performed using 2 � 2

complementary metal oxide semiconductor array-based detec-

tion (28). However, in many cases, investigators need to

perform FCS experiments on a large area to get an idea of

the membrane dynamics. EMCCD camera-based FCS

provides the necessary multiplexing advantage. EMCCD-

based FCS was first demonstrated in a confocal mode. In

this case, the EMCCD is mounted in an image plane of the

microscope and the pinholes are defined by a cluster of pixels

of the EMCCD for each laser beam (29,30). Therefore, this

method theoretically could be used for up to ~300 confocal

volumes. Sisan et al. (31) extended the method by using a spin-

ning disk microscope to obtain the first FCS images in which

each pixel in the image was correlated. This method, however,

requires the nontrivial synchronization of the spinning disk

with the acquisition for FCS data if molecular processes are

to be observed with high temporal resolution. In previous

studies, the Wiseman group showed that spatiotemporal image

correlation can be achieved in either a confocal mode (19) or a

TIR mode using an EMCCD (20). However, the time resolu-

tion used in the TIR mode was only 50 ms, which is not suffi-

cient to obtain a temporal correlation function on each pixel. In

earlier work, we used imaging total internal reflection (ITIR)-

FCS) to study two-dimensional surfaces with a time resolution

of 4 ms, which allowed the resolution of lipid and protein

dynamics at each pixel of an EMCCD camera (32,33). Here,

we used the same instrumental setup to carry out spatiotem-

poral cross correlations using ITIR fluorescence cross-correla-

tion spectroscopy (ITIR-FCCS). We applied this method to

study diffusion and transport processes, and resolve the

dynamic heterogeneity in membranes that cannot be addressed

easily by other spectroscopic methods.

Several of the above-mentioned techniques have a high

temporal resolution but are limited to measurements of a

single spot or, at most, a few spots. Alternatively, one could

use a variety of image-based spatial correlation techniques,

but such methods have poor or anisotropic temporal resolu-
tion. ITIR-FCCS bridges these regimes by providing good

isotropic spatial and temporal resolution simultaneously. In

ITIR-FCCS, the spatial resolution is diffraction-limited, as

in other FCS techniques, and the temporal resolution is

limited by the frame rate of the imaging device.

In this work, we derive a generalized expression for cross

correlation between any two areas of any size and shape on

a CCD chip and use the same expression to extract diffusion

coefficient and velocity parameters for three different types

of transport (diffusion, flow, and diffusion and flow). It was

previously suggested that differences in the forward and back-

ward correlations (here termed DCCF) can be used to charac-

terize nonequilibrium systems or anisotropic translocation

(22,34,35). By using DCCF values for neighboring pixels,

we investigate anisotropic transport in cell membranes, and

relate these differences to the membrane organization of

living cells. In particular, we demonstrate that the organiza-

tion of the liquid-ordered phase (tracked by sphingolipid-

binding domain (SBD)), but to a much lesser extent the

liquid-disordered phase (represented by DiI, Dialkylindocar-

bocyanine- C18), is disturbed by cholesterol removal by

methyl-b-cyclodextrin (MbCD), and by the disruption of

the cytoskeleton by latrunculin A.

MATERIALS AND METHODS

Detailed descriptions of the instrumentation, theory, newly derived fitting

models and their parameters, and data evaluation are given in the Supporting

Material.

RESULTS AND DISCUSSION

The system and newly derived fitting models for ITIR-FCCS

were tested using supported lipid bilayers (SLB) and samples

with quantum dots fixed to a coverslide. By moving these

samples with an automated microscope stage, we were able

to create situations for diffusion, active transport, and a

combination of the two.

Overall quality of fitting

The overall quality of fits obtained with the derived fitting

models, with four to six parameters, is very good, as shown

in Figs. 1 and 2. However, there are two exceptions. The fitted

autocorrelation function (ACF) for data from samples that

exhibit only flow show deviations from the data (Fig. S5, B
and C). There are several reasons for these deviations. First,

the data in these cases contain higher harmonics, as evidenced

by the regular peaks in the tail of the ACF. We attribute this to

the stepping motor of the automated microscope stage, which

does not move over the full distance in one linear movement.

This is supported by the intensity traces for these measure-

ments and their Fourier transforms and ACFs (Fig. S4 and

Fig. S5). Second, since these measurements were conducted

on air-dried samples of quantum dots and part of the ACF,

they may be related to the photophysical properties of the
Biophysical Journal 97(9) 2630–2639
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FIGURE 1 CCFs of 3 � 3 binned regions for a labeled

supported lipid bilayer that was moved horizontally by

10 mm/s with the mechanical stage and thus exhibits diffu-

sion and horizontal flow. Graphs A–D show forward (black

solid line) and backward (black dashed line) CCFs that are

fitted to the data (gray lines). (A) CCF along the vertical

direction. (B) CCF along the horizontal direction. (C)

CCF along the trailing diagonal. (D) CCF along the leading

diagonal. The different solid and dashed black lines are fits

to the correlations of the center pixel with different pixels of

increasing distances along the indicated directions. The

maps in E and F show the values of the maxima of the

CCF between the center pixel and the surrounding pixels

for flow only. Map E represents the values for flow along

the horizontal þx direction. Map F represents the values

for flow along the horizontal �x direction.
quantum dots (particularly if obtained on short timescales),

which can exhibit blinking behavior on a timescale similar

to that of the measurement (i.e., milliseconds) (36). It should

be noted that this problem is reduced in the cross-correlations

calculated between pixels, where fitting is strongly influenced

by the main peak position.

The point spread function (PSF) of the microscope was

approximated by a Gaussian function with the standard devi-

ation (SD, s) (37–40). The following parameters are

retrieved from the fits: diffusion coefficient (D), velocity of
Biophysical Journal 97(9) 2630–2639
flow (v), convergence value of correlation function at longer

lag times (GN), and SD (s). In the sections below, all of the

parameters except s are discussed. A detailed discussion of s

is provided in Sections 6–8 of the Supporting Material. All

fitting parameters and their SDs, which give an estimation

of the uncertainties of the method, are given in Table 1.

Diffusion coefficient

The values for the diffusion coefficient obtained on SLBs by

our measurements are given in Table 1. In general, they are
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FIGURE 2 ACFs and CCFs measured for the different

systems exhibiting diffusion, flow, or a combination of

the two. The black lines are fits to the data (gray lines).

The insets are examples explaining the size and displace-

ment of the two areas in the particular correlation functions.

All correlations were performed on 3 � 3 binned regions.

(A) ACF and CCF along the horizontal direction of lipid

diffusing on a supported lipid bilayer (diffusion). (B) Back-

ward correlation subtracted CCF (CCFAB � CCFBA) along

the horizontal direction of nonoverlapping regions of

immobilized quantum dots moved with a velocity of

10 mm/s (slow flow along the horizontal direction). (C)

Backward correlation subtracted CCF (CCFAB � CCFBA)

along the horizontal direction of nonoverlapping regions

of immobilized quantum dots moved with a velocity of

100 mm/s (fast flow along the horizontal direction). (D)

ACF and CCF along the horizontal direction for lipid

diffusing on a supported lipid bilayer moved with a velocity

of 10 mm/s (diffusion and flow along the horizontal

direction).
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TABLE 1 Diffusion coefficient, velocity, GN and s0 obtained from diffusion, slow flow (v ¼ 10 mm/s), fast flow (v ¼ 100 mm/s), and

diffusion and flow (v ¼ 10 mm/s)

Parameter Correlation Fit Diffusion Slow flow Fast flow Diffusion and flow

D [mm2/s] ACF Individual 6.8 5 1.5 – – 3.6 5 1.8

Global 2.9 5 4.2 – – 3.9 5 4.5

CCF Individual 8.8 5 5.6

2.6 5 0.1*

– – 1.7 5 0.8

1.6 5 0.9*

Global 4.6 5 0.2y – – 1.4 5 0.2*,y

v [mm/s] ACF Individual – 9.6 5 0.8 89 5 10 3.4 5 3.3

Global – 10 5 14y 97 5 170y 9 5 4.8y

CCF Individual – 8.9 5 1.2

8.9 5 0.3*

92 5 7.7

94 5 6.9*

7.3 5 2.2

8.4 5 1.5*

Global – 9 5 0.05*,y 96 5 0.5*,y 8.9 5 0.15*,y

GN ACF Individual 1.022 5 0.001 1.0017 5 0.0003 1.015 5 0.009 1.0001 5 0

Global 1.002 5 0.001y 1.002 5 0.0005y 1.017 5 0.0007y 1.0001 5 0.00003y

CCF Individual 1.001 5 0.003

1.0005 5 0.0003*

1.001 5 0.0006

1.001 5 0.0006*

1.001 5 0.005

0.9998 5 0.0002*

1.00015 0

1.00015 0*

Global 1.002 5 0.001y 1.001 5 0.001*,y 0.9998 5 0.0003*,y 1.0001 5 0.00001*,y

s0 ACF Individual 1.00 5 0.20 1.00 5 0.03 1.27 5 0.18 0.70 5 0.30

Global 0.20 5 0.04y 0.97 5 1.90y 1.05 5 2.50y 0.88 5 0.73y

CCF Individual 1.56 5 0.70

0.89 5 0.01*

0.64 5 0.34

0.74 5 0.20*

1.05 5 0.26

0.96 5 0.12*

0.85 5 0.48

1.06 5 0.39*

Global 0.61 5 0.03y 0.78 5 0.02*,y 0.97 5 0.02*,y 1.13 5 0.05*,y

*Values excluding CCFs of overlapping areas.
yMean 5 SD, where the SD is the deviation associated with the global fitting of the data. In all other cases, the SD refers to the deviation from the mean of

various trials.
in agreement with values reported in literature. Using z-scan

FCS or two-focus (2f) FCS, both of which are calibration-

free methods, a diffusion coefficient of 2–5 mm2/s was

obtained (32,41–43). Values of diffusion coefficient retrieved

by the global fit of ACF are close to the reported value.

However, the quality and accuracy of the fit depended on

the data evaluation. The most precise values were retrieved

by the cross-correlation functions (CCFs) of nonoverlapping

areas (2.6 5 0.1 mm2/s). In contrast, the CCFs of overlapping

areas show a large error. This can be attributed to the cross

talk between the areas when they overlap. Since we per-

formed the cross correlation with 3 � 3 binning, areas had

to be shifted by at least 3 pixels to avoid overlap.

In the case of diffusion and flow, the diffusion coefficients

retrieved via both ACFs and CCFs show somewhat lower

values than when only diffusion is present, although the

values fall into the expected range. This is very likely a

problem of distinguishing flow and diffusion by a fit, and

depends on which of the two processes dominates. This can

be influenced by the length scale of observation, i.e., the

size of the correlated area in an ACF. It can also be influenced

by the separation between the two cross-correlated areas

because of the different time dependence of the displacement

of diffusion and flow, as will be discussed further below. The

advent of faster cameras and better time resolution may

provide a partial solution to this problem (Fig. S7).

It should be noted that the diffusion coefficient as well as

the size of the PSF are extracted from the fit directly, and

a separate calibration is not needed for ITIR-FCCS. This

is an additional advantage compared to single spot FCS

measurements, since the measured diffusion coefficients
and flow velocities are not dependent on accurate knowledge

of the diffusion coefficient of a standard dye.

Velocity (v)

The retrieved speeds obtained from autocorrelation and

cross-correlation analyses are close to the expected values

of 10 and 100 mm/s for cases of slow and fast flow, respec-

tively, in both the individual and global fits (Table 1). In the

case of cross correlation, the error associated with the

retrieved velocities is smallest when only CCFs of nonover-

lapping regions are considered, for reasons discussed above.

In the case of diffusion and flow, the retrieved value for the

velocity is not as accurate as the value retrieved for the flow-

only case. Again, the most accurate values for the velocity

are obtained only when nonoverlapping regions are consid-

ered for the CCFs.

GN

In all cases discussed above, the value of GN is close to its

theoretical value of one (Table 1). Upon closer examination,

it can be seen that there is a bias for values slightly greater

than one. This bias can be attributed to the limited number

of recorded stacks: 10,000 stacks may not be sufficient to

accurately calculate the correlations at long lag times at

which convergence is expected. However, this effect is

small, and the deviation from one is in the worst case only

2.2% and in general on the order of 0.1%. This bias is not

caused by bleaching, a typical cause of deviation of GN

from one, since the intensity traces observed in our measure-

ments do not show bleaching (Fig. S4).
Biophysical Journal 97(9) 2630–2639
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Comparison of CCF and ACF

In general, diffusion coefficients extracted from CCFs show

more precise values compared to values extracted from

ACFs. This is underlined by the fact that CCFs become more

precise, i.e., have smaller errors, if the two areas for the CCF

do not overlap and thus contain minimal autocorrelations.

However, both methods provide diffusion coefficients in the

expected range. The same holds true for measurements of

systems that contain only flow: in general, the CCFs yield

better values. When the cross-correlation between two

different regions with an overlap is broken down into its

constituent auto- and cross-correlations for flow, the values

retrieved from CCFs are more accurate than those retrieved

from ACFs (Fig. S3 and Table S1). For the case of diffusion

and flow, the differences become larger. Although autocorrela-

tion analysis can be used to determine the flow and diffusion

parameters, the direction of flow cannot be determined by auto-

correlation analysis. Cross-correlations must be performed to

determine the direction of flow (Fig. 1, E and F). Hence, it is

necessary to resort to cross-correlation analysis to retrieve

flow parameters. The discrepancy between ACF and CCF

analysis can best be seen in the case of diffusion and flow.

The value of speed retrieved by the autocorrelation analysis

is only 35% of the expected value. The error associated with

velocity in the case of cross-correlation analysis is <20%,

whereas the error associated with autocorrelation analysis

can reach 100%. Hence, the cross-correlation analysis is the

preferred method in the presence of both diffusion and flow.

Comparison of global fit and individual fit

The values returned by the global fit are close to the values

returned by the individual fit. The global fit retrieves better

values than the individual fit in two cases. The values

retrieved by the global fit are closer to the reported value

than the individual fit in the case of autocorrelation of diffu-

sion data. In the case of autocorrelation of diffusion and flow,

the value of velocity retrieved by a global fitting of autocor-

relation data is very close to the expected value of 10 mm/s,

whereas the individual fitting of autocorrelation does not

retrieve the expected value.

Optimal parameters to compute and fit
correlation data

To carry out a cross-correlation with 3 � 3 pixel areas and

retrieve accurate diffusion and velocity parameters, the

following distances are recommended: For all cases, the

CCF should be measured between areas that are R3 pixels

apart (i.e., for areas without overlap), to avoid pseudo-auto-

correlations. In the case of diffusion, the cross-correlation is

best performed between areas that are 3–4 pixels apart, since

for increasing distance, the amplitude decreases in the case of

diffusion, which in turn affects the quality of the fits. In the

case of flow, the cross-correlation has to be carried out
Biophysical Journal 97(9) 2630–2639
between areas that are >3 pixels apart. In this case, the

distance does not have a very strong influence on the ampli-

tude, particularly when the CCF is calculated along the flow

direction. In the case of diffusion and flow, the cross corre-

lation has to be carried out between areas that are 3–7 pixels

apart. For areas with a larger pixel distance, the amplitude

due to the diffusion term drops and is difficult to distinguish

from the flow term.

Concerning the influence of the PSF (i.e., the parameter s in

our case), the following method is recommended to carry out

the fitting of the autocorrelation data: In the case of diffusion,

for 1 � 1 and 2 � 2 binning, the size of the pixels is compa-

rable to the resolution limit. Therefore, s must be used as a

fitting parameter. However, in 3 � 3 binning, which in our

case corresponds to the binned area being larger than the

PSF, the effect of the PSF becomes negligible and an approx-

imate function neglecting s gives acceptable fits (32) (Table

S3 and Fig. S11). In the case of cross-correlation, for any

binning, s can be used as a fitting parameter because it

converges to a fixed value irrespective of the binning, as

shown above. In the case of systems subjected to flow, as

described above, the particle moves a finite distance from

the initial point. This movement causes a blurring in the

image, and hence for systems subjected to flow, the auto-

and cross-correlations must be computed with s as a fitting

parameter irrespective of the binning. As an extension to the

above, for systems undergoing diffusion and flow, s must

be used as a fitting parameter irrespective of the binning.

Anisotropic translocation

In the case of systems exhibiting isotropic diffusion, the

forward and backward correlations are identical because parti-

cles are free to diffuse randomly and follow no particular

direction. In such a case, when the forward correlation is sub-

tracted from the backward correlation, a flat profile is ob-

tained. Instead, when the translocation is direction-dependent

(e.g., as in anisotropic diffusion, flow, and active transport),

the subtracted correlation profiles are not flat. Hence, in prin-

ciple this approach can be used to map membrane dynamics.

To test this idea, we performed several measurements. We

found that on flattened giant unilamellar vesicles, the most

prominent boundary is the boundary of the vesicle and the

solution phase, and the DCCF images clearly show these

boundaries and possibly other boundaries on the vesicles

(Fig. S12). Furthermore, mixed lipid bilayers consisting of

a liquid-ordered and a liquid-disordered phase show phase

boundaries that can be detected by DCCF images (Fig. S13).

We also performed measurements on live cells under different

conditions as described in the Supporting Material. A compar-

ison of the DCCF distributions for noise, lipid bilayers (diffu-

sion only), translocated lipid bilayers (diffusion and transport/

flow), and cell membranes is given in Fig. S14. A representa-

tive set of cross correlations of SBD-TMR(tetramethylrhod-

amine)-labeled SHSY5Y cells is given in Fig. S15.
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Comparison of ITIR-FCCS with other approaches

As mentioned in the Introduction, FCS and ICS were devel-

oped in parallel as temporal and spatial, or imaging, correla-

tion techniques. With the advent of new instrumentation,

the two fields began to converge as temporal resolution for

ICS increased and spatial multiplexing for FCS became

possible. With the advent of STICS (19), kICS (20), and

ITIR-FCS (33), the gap between the two fields has been

closed. Although STICS and kICS already used the principles

of spatiotemporal correlation, they had two disadvantages: 1),

the mode of data collection for STICS is based on confocal

scanning, which does not allow all pixels in an image to be re-

corded at the same time (this can be problematic if the time

required to scan an image is much longer than the time

required for particles to move from pixel to pixel); and 2),

both techniques lack the necessary time resolution to measure

temporal correlations on the single-pixel level. This problem

has been addressed by ITIR-FCS, which to date has a time

resolution as low as 0.5 ms (Fig. S8 D) and collects sufficient

data (>10,000 frames) to allow pixelwise temporal correla-

tion. Therefore, we based all our investigations of temporal

dynamics on a scale of the resolution limit and added spatial

information by the cross-correlation of pixel pairs. This was

particularly necessary because we wanted to investigate

membrane organization on the smallest accessible level.

However, at present, the main disadvantage of ITIR-FCCS

remains its limitation to surfaces. It should be noted that the

data collected here could also be treated with techniques

like STICS, kICS, or spatial pair-correlation function analysis

(44) if such methods account for the illumination and detec-

tion geometries reported here.

Cell membrane organization

The distributions of the different lipid classes that make

up cell membranes, including sphingolipids, cholesterol,

and glycerophospholipids, are highly heterogeneous. The

membrane exhibits a range of diffusion coefficients due to

the presence of regions of lower mobility (called ‘‘lipid rafts’’)

that are embedded in a fluid phase of higher mobility. Lipid

rafts have been reviewed in recent literature (2), and

the 2006 Keystone Symposium on Lipid Rafts and Cell Func-

tion defined them as ‘‘small (10–200 nm), heterogeneous,

highly dynamic, sterol- and sphingolipid-enriched domains

that compartmentalize cellular processes’’ (1). MbCD is

commonly used to disrupt rafts as it extracts cholesterol

from membranes. Reducing cholesterol content in cell

membranes leads to a mislocalization of raft-associated

proteins and the loss of raft-like diffusion behavior (45–47).

In addition, there is evidence that some raft-related compo-

nents are linked to the cytoskeleton (10,48–50). Latrunculin

A, an agent that disrupts the actin cytoskeleton, has been

shown to change the diffusive behavior of rafts and raft-asso-

ciated proteins such as CTxB (10,51). To investigate the cell

membrane organization, we used SHSY5Y neuroblastoma
cells labeled with the SBD of the amyloid peptide Ab. On

cell membranes, SBD exhibits diffusion behavior similar to

that of CTxB, and thus it functions as a good raft marker (45).

The diffusion coefficient can be used as a measure of the

fluidity of the membrane. Upon addition of MbCD,

the average diffusion coefficient of membrane-bound

SBD-TMR (0.7 5 1.1 mm2/s) increases over a time interval

of 30 min by a factor of ~2–3 (1.7 5 1.1 mm2/s; Table S4).

Accordingly, the diffusion coefficient histograms show a

progressive shift toward higher diffusion coefficients

(Fig. 3 C). This is consistent with the expectation that there

is an increase in lateral mobility of raft-related lipids and

proteins on the cell membrane after cholesterol removal.

An even stronger effect can be seen after latrunculin A

treatment. The diffusion coefficient of membrane-bound

SBD-TMR changes by a factor of ~4 to 2.9 5 2.2 mm2/s

(Table S4). A similar effect can be seen when both MbCD

and latrunculin A are used simultaneously and the diffusion

coefficient increases to 2.8 5 2.0 mm2/s (Table S4). In the

control using DiI, a marker that reports diffusion of the

liquid-disordered phase, only a small increase of the diffusion

coefficient (<20%) can be seen. As shown by the histograms

(Fig. 3, A and B), it is mainly the abolishment of the very slow

diffusive fraction of DiI with D < 0.8 mm2/s that results in

a change of the diffusion coefficient from 2.5 5 2.0 mm2/s

to 3.0 5 2.0 mm2/s and 2.8 5 1.8 mm2/s for MbCD and

latrunculin A treatment, respectively. In all cases, the large

SD of the diffusion coefficients indicates strong variations in

the diffusion coefficients on the cell membrane, in agreement

with the partitioning of SBD and DiI into different lipid

regions (45). This interpretation is consistent with the dynamic

partitioning raft model proposed earlier (52–54). These exper-

iments show that both the cholesterol content and the integrity

of the cytoskeleton are important for the raft-like behavior of

SBD, but they have a much lower influence on DiI, a marker

for the liquid-disordered, nonraft-related membrane fraction.

Possible changes in the larger-scale organization of the

membrane after cholesterol extraction and cytoskeleton

disruption were investigated by means of the DCCF images

and their frequency histograms (Figs. 3 and 4). To compare

the different histograms, we calculated the kurtosis (the

fourth central moment of the histogram values) for each

one. The kurtosis is a measure of the difference of a distribu-

tion from a Gaussian distribution. A positive kurtosis indi-

cates a distribution with a higher peak around the mean but

more values at the extremes compared to a Gaussian distribu-

tion. A negative kurtosis characterizes a distribution with a

wider and flatter peak around the mean and fewer values at

the extremes. Without MbCD addition, the DCCF images

of SBD-TMR-labeled cells are characterized by a low

kurtosis (close to zero; Fig. 3 O). There is a sudden increase

in kurtosis values to ~10 for DCCF distributions after the

cells are incubated with MbCD for 10 min. The kurtosis

then gradually decreases with time until, after 30 min of

incubation, it reaches a range similar to that of nontreated
Biophysical Journal 97(9) 2630–2639
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FIGURE 3 Effect of MbCD and la-

trunculin A treatment on the diffusion

coefficient D and DCCF distributions

of SBD- and DiI-labeled cells. (A–E)

Histograms of D at various times of

incubation with MbCD, latrunculin A,

or both for SBD-TMR- or DiI-labeled

cells. (F–H) DCCF histograms at

different incubation times for cells

labeled with DiI after different drug

treatments. (I) DCCF histograms after

30 min incubation for cells labeled

with DiI before and after treatment

with MbCD or latrunculin A. Gaussian

fits to the distribution are indicated by

dotted lines. (J) Development of the

kurtosis of the DCCF distributions

shown in F–H. (K–M) DCCF histo-

grams at different incubation times for

cells labeled with SBD upon different

drug treatments. (N) DCCF histograms

after 30 min incubation for cells labeled

with SBD-TMR before and after treat-

ment with MbCD, latrunculin A, or

both drugs. Gaussian fits to the distribu-

tion are indicated by dotted lines. (O)

Development of the kurtosis of the

DCCF distributions shown in K–M.
cells (Fig. 3 O). Therefore, although the fluidity of the

membrane, as characterized by the diffusion coefficient,

increases within 30 min of MbCD addition due to cholesterol

removal, the membrane reorganizes and reaches a similar

state as nontreated cells during the same time period, as

shown by the DCCF distribution.
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A possible explanation for the change in DCCF distribu-

tions upon drug treatment is that the membrane equilibrium

changes during the drug action. It has been shown that SBD

is internalized by SHSY5Y cells, and MbCD treatment

disturbs SBD internalization (45). The normally wide

DCCF distribution may arise from the restriction or direction
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FIGURE 4 DCCF images of cells labeled with SBD-TMR. (A–C) Images of nontreated control cells. Panels D–F, G–I, and J–L show the DCCF images for

cells treated with MbCD, latrunculin A, or both, respectively, after various times of incubation. Images in A–C are very heterogeneous. Upon addition of

drugs, the images become less granular and the heterogeneity is restored to various degrees after increased incubation of the drug, as shown in F, I, and L.

The heterogeneity in these images is comparable to that seen in images A–C.
of SBD diffusion due to cytoskeletal confinements (55);

alternatively, internalization may act as a sink for SBD,

leading to wider, nonisotropic values of DCCF. Internaliza-

tion inhibition, as seen in MbCD-treated cells, may result

in a disruption of this flux and thus narrower distributions.

In both normal and inhibited cases, however, the average

of the DCCF distribution is zero because there is no macro-

scopic flux in the system. Therefore, changes in internaliza-

tion would result in an altered membrane organization and

transport patterns at least on the timescales of the drug action

until a new membrane equilibrium is reached.

No further changes in DCCF distribution are observed for

cells incubated with MbCD for times longer than 30 min

(Fig. S16). This is consistent with earlier findings that

MbCD treatment leads to an overall loss of cholesterol-

dependent membrane lipid domains, and to a reorganization

of the remaining nonextracted lipids, but does not change the

original properties of the membrane (56). It should be noted

that other reports found an indirect release of glycerophos-

pholipids as a result of the disorganization in the membrane

upon cholesterol removal (57), and it has been hypothesized

that some compensatory changes in membrane lipid compo-

sition could occur after cholesterol depletion (58), which

could explain our findings.
Treatment of SBD-TMR-labeled cells with latrunculin A

also initially leads to an increased kurtosis, but at somewhat

lower values (~4) and with a less pronounced central peak.

Within 30 min the kurtosis reaches values somewhat below

zero, and the distribution of DCCF values achieves a slightly

broader distribution than in the untreated cells (Fig. 3 L).

Treatment of the cells with both MbCD and latrunculin A

leads to a similar behavior as treatment with only latrunculin

A. In the control with DiI, only small changes in the kurtosis

can be seen in the cases of MbCD or latrunculin A.

Overall, our findings indicate that DiI, a marker for the

liquid-disordered lipid phase on cell membranes, is not influ-

enced by cholesterol or the cytoskeleton, and little change in

the diffusion coefficient or DCCF distribution can be seen

during treatment with MbCD or latrunculin A, respectively.

However, SBD, a marker associated with ordered lipid

domains or rafts, is influenced by both cholesterol and the

cytoskeleton (10). When the cytoskeleton is disrupted, the

diffusion coefficients of SBD are similar to those of DiI

(52). Removal of cholesterol increases the diffusion coeffi-

cient, but to a lesser extent. Therefore, we suggest that the

cytoskeleton is the main barrier to diffusion of SBD, and

that the coupling of SBD to the cytoskeleton is mediated by

cholesterol. Our findings are consistent with the proposal
Biophysical Journal 97(9) 2630–2639
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that the cell membrane is organized on different length scales

(51), i.e., below the resolution limit in nanodomains (59,60)

by the cholesterol content and on larger scales by the cytoskel-

eton. Furthermore, in agreement with earlier investigations,

SBD partitions into cholesterol-dependent microdomains

(45) that are connected to the cytoskeleton (10). Future studies

comparing different lipid markers and the effects of removal

of different lipids and the disruption of the cytoskeleton will

have to be conducted to further elucidate the dynamic organi-

zation of cell membranes and the nature of the linkage

between SBD and cholesterol and the cytoskeleton.

CONCLUSIONS

In this work, we introduce ITIR-FCCS as an extension of

ITIR-FCS for the investigation of transport and diffusion

processes in cell membranes. An expression for auto- and

cross-correlations for areas of any arbitrary shape and size

on an EMCCD chip was derived, and the resulting ITIR-

FCCS calculations were applied to molecular systems exhib-

iting different combinations of flow and diffusion. The

diffusion coefficients extracted are in good agreement with

other reported measurements, and the measured flow veloci-

ties are close to the expected values. We studied anisotropic

translocation in giant unilamellar vesicles and mixed lipid

bilayers to demonstrate that membrane organization can in

principle be studied by determining the difference of the

forward and backward correlations in so-called DCCF

images. Furthermore, using the DCCF approach, we demon-

strated that cell membrane organization and heterogeneity can

be observed by using markers for the liquid-disordered phase

and lipid microdomains, and for their observation under the

different conditions of cholesterol removal or cytoskeleton

depolymerization. ITIR-FCCS provides adequate spatial

and temporal resolution to measure membrane dynamics in

a calibration-free manner, and thus is a powerful biophysical

tool to gain novel insights into transport phenomena and

membrane organization.
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