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Abstract

Spot variation fluorescence correlation spectroscopy (svFCS) was developed to study the
movement and organization of single molecules in plasma membranes. This experimental
technique varies the size of an illumination area while measuring correlations in time using
standard fluorescence correlation methods. Frequently, this data is interpreted using the
assumption that correlation measurements reflect the dynamics of single molecule motions, and
not motions of the average composition. Here, we explore how svFCS measurements report on the
dynamics of components diffusing within simulations of a 2D Ising model with a conserved order
parameter. Simulated correlation functions report on both the fast dynamics of single component
mobility and the slower dynamics of the average composition. Over a range of simulation
conditions, a conventional svFCS analysis suggests the presence of anomalous diffusion even
though single molecule motions are nearly Brownian in these simulations. This misinterpretation
is most significant when the surface density of the fluorescent label is elevated, therefore we
suggest future measurements be made over a range of tracer densities. Some simulation conditions
reproduce qualitative features of published svFCS experimental data. Overall, this work
emphasizes the need to probe membranes using multiple complimentary experimental
methodologies in order to draw conclusions regarding the nature of spatial and dynamical
heterogeneity in these systems.

INTRODUCTION

Experimental measurements of spatio and temporal correlations have shed light on the
organization and dynamics of fluorescently tagged bio-molecules in a broad range of
biological systems [1—6] [7]. These methods take advantage of the fact that single
fluorescent molecules emit a continuous stream of photons as they move in space and time,
making it possible to measure the average correlations of photons arriving at a detector.
These techniques are powerful because data can be collected from a broad range of samples
with good signal to noise, since generating correlation functions inherently involves
averaging data acquired in time. These methods have been widely applied to studies of
molecules in membranes, where they have been used to measure diffusion coefficients [8—
10], quantify the oligomerization states of membrane proteins, detail time-dependent
interactions between membrane proteins [11, 12], and document the heterogeneity of protein
and lipid mobility in a range of different contexts [13—15]
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Spot size variation fluorescence correlation spectroscopy (svFCS) [15—17] is an application
of correlation methods where the beam-waist of a confocal spot is varied to identify how
measured correlation functions depend on the area of excitation. For simple Brownian
diffusion within a uniform two dimensional membrane, correlation functions produce a
single diffusion time which varies linearly with excitation area. In addition, the linear slope
of diffusion time vs. excitation area extrapolates to intersect the origin, meaning that single
molecules can instantaneously transit across an infinitesimally small area. In practice, the
minimum excitation area that can be probed is limited by the diffraction limit of visible light
(0.6um?), or in recent studies by the minimum effective excitation area within a STED beam
(~1000nm?) [18]. Plots of diffusion time vs. excitation area can deviate from the simple
expectations from Brownian motion when svFCS is applied to single molecule motions in
intact cells [15, 18—21]. Typically these curves retain their linear slope, but extrapolate to a
non-zero intercept at zero excitation area. This type of experiment has been used to infer the
presence of structure in membranes on length-scales below those accessible in these
measurements. Past work has demonstrated that transient pinning or partitioning into static
domains yields a positive intercept, while corralled motion within a mesh gives rise to
negative intercepts [16]. One goal of this work is to investigate how plots of transit time vs.
excitation area vary for single molecules diffusing in a third model of a heterogeneous
membrane, one in which extended regions of different protein and lipid composition form
because the membrane composition is tuned to be slightly above a miscibility critical point
at physiological temperature. These super-critical composition fluctuations have been
observed in model membranes made of purified components [22] and those isolated from
the plasma membranes of living cells [23], and are well described by predictions of the two
dimensional (2D) Ising model [24, 25].

The use of correlation methods to infer single molecule dynamics can prove challenging in
the limit where multiple molecules are visualized on the time-scale of an experiment. In
these cases, other time-scales can emerge due to the dynamics of the average composition,
which can in principle vary dramatically from single molecule motions. For example, in a
densely labeled sample, variations in signal intensity with a fixed diffraction limited area
represent changes in the density of the molecule of interest, and not the motions of single
molecules. In a Brownian and uniform membrane, a densely labeled sample would yield a
time-time correlation function with low amplitude, since signal intensity would not vary
significantly with time. A membrane with structure that itself is dynamic, such as one that
contains diffusing phase separated domains, would produce correlation functions that report
time-scales reflecting the lifetime and/or mobility of these structures. A typical experiment
falls somewhere between these two extremes, under conditions where both the dynamics of
single molecules and the dynamics of the average composition are reflected in measured
correlation functions. A second goal of this work is to investigate how this combination of
single molecule and average composition dynamics impacts interpretations of svFCS data
through simulations of the two dimensional (2D) Ising model.

One feature of super-critical systems such as the 2D Ising model is that the average
concentration can exhibit slow dynamics even though single molecule mobility is only
subtly impacted [26—30]. Here, we systematically vary both the size and life-time of
composition fluctuations by adjusting temperature with respect to the critical temperature in
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this model. We also systematically vary the density of tracer components in the membrane in
order to probe the cross-over regime where simulated FCS curves report on both single
molecule and average composition dynamics.

Ising model simulations

A two dimensional (2D) Ising model with a conserved order parameter was simulated at the
temperatures and compositions indicated using standard Monte Carlo algorithms as
described previously [24]. Simulations were conducted on a 400 by 400 pixel square lattice
with periodic boundary conditions, with a pixel length corresponding to 2 nm. This
calibration is chosen so that measurements of correlation length (&) vs. reduced temperature
(T/T¢ -1) matches experimental findings in model and isolated membranes [23, 24].
Initially, updates were performed using non-local exchanges to decrease equilibration times.
After equilibration, updates were restricted to only nearest neighbor exchanges (Kawasaki
dynamics [31]) in order to replicate diffusive motions, with moves that swap like pixels at
the same attempt frequency as unlike pixels. In all cases, a random subset of components of
a single type was designated as tracers and their positions reported at 1000 equally spaced
time-intervals. Simulations were run at 3 different frame-times, 10, 100, and 1000 sweeps
per update, in order to increase the dynamic range of the time interval © (from 10 to 10°
sweeps). We use the conversion factor of 1us per sweep so that the macroscopic diffusion
coefficient (D) is close to 4 um?2/s for temperatures far from the critical point.

Calculating autocorrelation functions

Curves indicating fluorescence intensity vs. time were constructed by performing a dot
product of a 2D Gaussian point spread function (PSF) with a matrix indicating tracer
positions. To improve statistics, multiple well-spaced PSFs were generated from a single
simulation, and multiple independent simulations (2-100) were conducted for the same
conditions. Each time-trace was used to generate a time-time correlation function using Fast
Fourier Transforms (FFTs) that are padded with zeros to avoid artefactual correlations
arising from the periodic boundary conditions inherent to the FFT.

g(r)=iFFT (|FFT (I1(t)= (It)]*) /N(7) Ean 1)

Correlation functions are normalized to be zero for an uncorrelated signal, and account for
the finite duration of acquisition through the normalization factor N:

N(r)=(I(t))” x iFFT ([FFT(M(®)]*) (€Ean2)

Where M(t) is a step function that is 1 everywhere and again this FFT is padded with zeros.
The time average intensity <I(t)> was calculated from the density of tracers since this is a
conserved quantity. I(t) was not tabulated from the data-trace itself because there were cases
where simulations were not long enough to become uncorrelated. Individual correlation
functions are then averaged from simulations conducted at the same frame-time (sweeps per
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update) and combined with curves obtained with simulations conducted with different
frame-times. Error bars indicate the standard error of the mean between simulations
conducted with the same frame-time.

Determining diffusion parameters from g(t)

RESULTS

Simulated g(t) curves were fit to multiple functional forms commonly used to fit
experimental FCS data of membrane components [7, 18, 32]. These include a model of 2D
Brownian motion from a single population of diffusing tracers:

1 1

Q(T)Zﬁm

(Eqgn 3)

Here, N and tp are fit parameters. For Brownian motion, n is simply the density of tracers
and tp is the average transit time across the illumination area. g(t) curves were also fit to a
model of two independent diffusing Brownian populations:

RS D
N 14+7/7,, Nyl471/7,,

g(7)

(Ean 4)

This model has 4 fit parameters, the density of tracers in each population (N1 and N») and
the transit times for each of these populations through the illuminated spot (vp1 and tpy).
Finally, g(t) curves were fit to a model of confined diffusion for a single population:

1 1

ST TN

(Egn 5)

This model has three fit parameters: N, tp, and a, where a is commonly referred to as a
confinement exponent. a=1 reduces to Eqn 3 which is unconfined Brownian motion. a<1
indicates that motions are confined in this model. In all cases, fitting was performed using
the Isgnonlin fitting routine in Matlab and error bounds reflect 68% confidence intervals on
determined fit parameters.

Diffusion was simulated with a range of tracer densities, ranging from 10 to 1000 tracers per
400 by 400 pixel (800 by 800nm) box. Lists of tracer locations vs. time were then converted
into curves of intensity vs. time for multiple Gaussian shaped spot-sizes with standard
deviations ranging from 1 to 25 pixels (2 to 50nm), as described in Methods. Figure 1 shows
two examples where tracers undergo Brownian motion on an unstructured background but
with different tracer densities (Figure 1 A and E). For the smallest spot-sizes, single tracers
can be seen diffusing through the spot generating intermittent spikes in intensity and whose
frequency depends on the tracer density (Figure 1 B and F). For larger spot-sizes, multiple
fluorophores reside within the illuminated area and each tracer spends more time within the
illuminated area, resulting in a more smoothly varying trace of intensity vs. time.
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This qualitative behavior is reflected in the tabulated autocorrelation function, g(t), as a
function of time-interval (<) assembled using many time-traces and simulations (Figure 1 C
and G). For small spot-sizes, g(t) decays quickly to zero. The decay of g(t) extends to
longer < for larger spot-sizes, reflecting the longer time needed for single tracers to diffuse
through the larger spot. g(t) curves tabulated from these simulations are well fit by the
expected model of Brownian Motion in two dimensions (2D) as reported in Eqn 3. These fits
report on the transit time of tracers through the illuminated spot, © p, and the average
number of tracers within the illuminated spot, N (Figure 1 D and G). The fit parameter © p
varies linearly with illumination area, and reports on the diffusion coefficient (D) of single
component mobility. D is close to 4um?2/s (3.4 pm?2/s for these examples), a value in line
with lipid mobility in cell plasma membranes measured at very fast time-scales [33, 34] or
transmembrane peptide mobility in isolated plasma membranes [35], and was set by
choosing the calibration for simulation time vs. real time in these computations. The best fit
value of the other fit parameter, N, can be converted into a tracer density, p. This quantity
does not vary with illumination area but does report on the different tracer densities used in
the two simulations shown. We note that Eqn 3 and the tabulated curves in Figure 1 indicate
that the shape of g(t) does not depend on tracer density, but its amplitude varies inversely
with density (compare 1 C and G).

The conserved order parameter 2D Ising model is a lattice model made up of two distinct
types of components. This model undergoes a demixing transition at low temperature, where
these two components phase separate. At high temperature, both components uniformly mix
with no long-range structure. For systems with an equal number of each type of component,
large composition fluctuations are found as temperature (T) is lowered towards the phase
transition temperature, called the critical temperature or T¢. The size of fluctuations is
characterized with the correlation length, &, which varies as £=(T/Tc-1)71, as seen in the
representative simulation snapshots of Figure 2A. Larger composition fluctuations found
near T¢ also have longer life-times, with characteristic times which vary as (T/T¢-1)72 with
z being close to 4 for the dynamics employed in this study [29]. In this model, changes in
temperature result in changes in the size and life-time of structure but only minor changes in
the dynamics of single component motions [26—29]. Single component dynamics depend
only on the frequency in which a component accepts a move to a neighboring pixel. This is
based on the energetic cost (or gain) of the proposed switch, and is accepted nearly all of the
time at elevated temperature and most of the time at lower temperature. Often times these
two components of the dynamics of critical systems are referred to as tracer diffusion or
self-diffusion and gradient diffusion [28, 30]. Tracer diffusion describes single component
motions that are only weakly affected by proximity to the critical point, while gradient
diffusion describes the dynamics of the average composition which slows dramatically near

Tc. This slowing of gradient diffusion near T is often referred to as critical slowing down
[29’ 30].

Both the fast dynamics of single component motions and the slow dynamics of the average
composition are apparent in tabulated correlation functions in the 2D Ising model near Tc.
This can be seen in Figure 2B, where correlations due to single molecule motions appear at
short t. This component has roughly the same amplitude and range for all three curves
shown because they were generated from simulations with the same tracer density and spot
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size. These curves differ in the amplitude of correlations at long t. These long < correlations
arise from the slowly changing average composition in these simulations, which emerges as
temperature approaches Tc.

Unlike tracer diffusion, whose correlations vary inversely with tracer density, contributions
to the correlation function arising from gradient diffusion do not depend on density beyond
affecting signal to noise because tracers randomly sample an underlying structure. This can
be seen in Figure 2C and D where g(<) is shown for 4 simulations run at the same
temperature and spot size but with different tracer densities. These curves have dramatically
different amplitudes at short <, but converge to the same curve at longer ©. As a result, g(t)
curves for simulations with low tracer density are dominated by fast tracer diffusion. As
tracer density is increased, g(t) becomes increasingly dominated by the slowly varying
correlations of the average composition.

Figure 2 also shows how g(t) varies with illumination area for a simulation conducted close
to T¢ and with a high tracer density. Figure 2E shows how the structure present in the
average composition becomes washed out as the spot size becomes larger than the average
size of structure, which is £=20nm in this simulation. The correlation functions of Figure 2F
demonstrate how g(t) depends on illumination area under these conditions. As was the case
for diffusion on in a much more uniform simulation, the amplitude of correlations at short ¢
due to tracer diffusion decrease as illumination area increases. This occurs because on
average, more tracer molecules are present within each illumination spot and the amplitude
of the correlation function goes as 1/N. The amplitude of correlations at long © due to
gradient diffusion has a more complicated dependence on illumination area. Fig 2F indicates
that g(v) is weakly dependent on illumination at long <, for conditions where the
illumination spot is smaller than the average size of structure in the simulation (E=20nm).
When the illumination spot is larger than the average size of structure, the long < tail of g(<)
is also attenuated. Overall, this suggests that g(t) will become increasingly dominated by
contributions from the average composition fluctuations until the spot size becomes much
larger than this structure. For larger illumination areas, both contributions to g(t) decrease in
amplitude as area is increased.

Experimental studies utilizing svFCS typically fit acquired g(t) curves to extract information
on the average transit-time through the illumination area, then fit parameters are plotted as a
function of illumination area. Individual g(t) curves are often fit to models of either one or
multiple Brownian populations (Eqns 3 and 4), or by fitting to a confined diffusion model
that incorporates a confinement exponent a (Eqn 5). Figure 3A shows g(t) for an Ising
model simulated at T=1.1xT¢ along with fits to all three models. The model of a single
Brownian population (Eqgn 3) fits these g(t) poorly at short © in order to accommodate the
slow decay of these curves at larger <. In contrast, both slow and fast decays of g(t) are well
fit when two diffusing populations are assumed (Eqgn 4). The confined diffusion model (Eqn
5) is able to accommodate the slow decay of g(v) curves for all but very short t. In contrast,
g(t) curves from simulations are conducted at high temperature (T=5xT¢) are well fit by the
model describing a single Brownian population for all illumination areas (Eqn 3; Figure 3B).
We note that experimental g(t) curves are often the least specified at short <, in part due to
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statistics and in part due to non-diffusive contributions to the fluorescence correlation arising
from the decay of the triplet excited state (e.g. [36]).

Figure 3C and D show fit parameters as a function of illumination area for simulations
conducted at fixed tracer density and varying temperature (Fig 3C) and fixed temperature
and varying tracer density (Fig 3D). At fixed tracer density, correlation times increase with
both illumination area and with decreasing temperature when curves are fit to a single
Brownian diffuser model (tp). Close to Tc, transit times determined in this way are longer
than those expected from tracer diffusion, due to the slowly varying average composition. In
addition, plots of tp vs. illumination area are not linear. Instead, a line fit to larger area
points extrapolates to a positive intercept at zero immunization area. In the svFCS literature,
a similar curve would be interpreted as indicating that the tracer partitions into domains [15—
17]. In this case, this effect occurs because the slowly varying average composition
fluctuations impact the best fit transit times more greatly at large illumination areas
compared to small illumination areas, making the curves nonlinear.

When curves are fit to two Brownian populations, each with their own transit time (tp; and
Tp2), the tracer diffusion is reflected in the faster transit time (tp1), which varies linearly
with illumination area as expected for Brownian motion. For the examples shown in Figure
3C, transit times for the second component (tpy) are orders of magnitude longer and do not
necessarily vary linearly with illumination area. Best fit values for the confinement exponent
a obtained by fitting to Eqn 5 also vary with temperature and to a lesser extent with
illumination area. Confinement is greatest close to T¢ and trends to 1 at high temperatures,
in agreement with diffusion becoming Brownian under these conditions.

Plots of fit parameters vs. illumination area also depend on the tracer density, with larger
densities leading to the appearance of greater anomalies at fixed temperature. This can be
seen in the plots of the average transit time tp and of the confinement exponent a. This
occurs because the correlation function becomes increasingly dominated by the slowly
varying average composition as density is increased (Fig 2D). In contrast, when curves are
fit such that tracer diffusion is isolated from the slowly varying average composition
fluctuations, the tp7 again appears Brownian for all densities and tp; and tp; each collapse
onto the same curve. The intensity of each of these components (captured in the parameters
N; and Ny) vary as tracer density is varied.

We have generated curves like those shown in Figure 3C and 3D for simulations conducted
over a range of temperatures and tracer densities to obtain the results summarized in Fig 4.
Figure 4A and 4B are extracted from measurements of tp vs. illumination area by fitting
large area points to a linear slope, as shown in several representative conditions in Figure 3C
and 3D. Figure 4A reports the y intercept of this line, which is often interpreted as a measure
of the level of confinement into domains [17]. The intercept is largest close to T¢ and at
larger tracer densities (Figure 4A), although the anomaly is still apparent at low tracer
density close to T¢. The slope of the linear fit to tp vs area is often interpreted as reporting
on the effective diffusion coefficient of single molecules according to the relation Deg = 1/
(4xslope) [17]. This quantity, plotted in Figure 4B, varies weakly with temperature and is
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largely independent of tracer density. This is also seen by directly observing the shapes of tp
vs illumination area plots at varying density in Figure 3D.

Figures 4 C and D report the results of fitting g(t) to two populations of diffusers with two
distinct transit times. These quantities are converted to diffusion coefficients D1 and D,
according to A = 4D4tp; and A = 4Dytp; Where A was the specific illumination area of
A=630nm?2. The fast component represented by Dy, varies weakly with temperature and has
an absolute value that is similar to those reported in Figure 4B. This quantity describes
single molecule motions in these simulations. In contrast, the slow component represented
by D, varies dramatically with temperature, and becomes orders of magnitude slower than
D1 close to T¢. Note that the y axis is plotted on a linear scale in Figure 4C and a
logarithmic scale in Figure 4D. This D, diffusion coefficient reflects on the slow dynamics
of the average composition near T¢. Figure 4E shows how the confinement exponent a
varies with temperature and tracer density averaged over all illumination areas probed. As
expected, this confinement is most prominent at low temperatures and large tracer densities.
In experiments, the parameter a tends to vary between. 5 and 1 (1<a~1<2) [18, 32], which is
observed routinely in simulations conducted using a wide range of conditions. We note that
in these simulations, single components are not confined (e.g. plots of tp; vary linearly with
area and pass through the origin). Instead, they appear confined because the slow dynamics
of the average composition is interpreted as a component of single molecule motion.

Within the ensemble of simulations conducted, there is a subset that shares qualitative
features with experimental results presented in the literature [18]. One example is shown in
Figure 5, which shows the emergence of a fast and slow time-scale in g(t) curves
constructed from time-traces at smaller illumination areas. This occurs when the diameter of
the illumination area becomes much larger than the correlation length, such that the
simulations appear unstructured at this length-scale. For the case of this simulation
conducted at 1.2xT, the correlation length & is close to 5nm, and the slower component of
g(t) emerges for illumination areas roughly an order of magnitude larger than this in
diameter (0=25nm). At and below this same illumination area, g(t) curves also exhibit
confinement (1/a >1) when fit to Eqn 5. A similar trend has been observed experimentally
for some lipid species probed in living cells [18, 32], although there are quantitative
differences in the transit times and illumination areas where this transition occurs.

DISCUSSION

This study of spot size dependent FCS in the 2D Ising model is motivated by the application
of these methods to study the motions of fluorescently tagged proteins and lipids in
membranes. Nearly always, experimental results of these studies are interpreted as providing
information regarding the mobility of single molecules. While this may be the case for some
subset of experimental conditions and analysis methods, these correlation methods are also
sensitive to time dependent changes in the average concentration. One goal of this study is to
demonstrate a range of conditions where it is not appropriate to interpret experimental
results in this way, taking advantage of the slow dynamics of average composition in the
nearly critical 2D Ising model. In this case, a conventional svFCS analysis suggests the
presence of highly anomalous mobility when interpreted as solely a result of single
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component dynamics, even though single component diffusion is Brownian or nearly
Brownian under these conditions. The apparent anomaly occurs because measured FCS
curves contain information both on the fast dynamics of single components and the slow
dynamics of average composition fluctuations.

Typically, experimental svFCS measurements conducted using a confocal microscope is
done at low tracer densities in order to increase sensitivity [15, 16 18 20 32]. The lowest
tracer densities explored in the current study was 10 components per 400400 component
box. This corresponds to roughly 15 components per square micron using the calibration of
2 nm per pixel, and only subtle anomalies were observed for this condition. svFCS
measurements are also accomplished experimentally using images acquired in wide-field
microscopy measurements (e.g. [9, 21, 37]), and these samples are typically more densely
labeled. We predict that these measurements are more likely to be subject to interpretation
artifacts arising from alternate dynamics of the average composition because of this elevated
labeling density. We note that the actual tracer densities presented in this study are arbitrary
for several reasons. First, since the 2D ising model is only a coarse grain description of a
membrane, single pixels likely do not accurately represent single components. Also, the
impact of density on this effect will depend on the detailed dynamics governing structure
present in the average composition. In a biological membrane, slow dynamics of the average
composition of membrane components could come about from a range of different physical
or biological processes in addition to the fluctuations described here. These could include
trafficking, electrostatics, membrane curvature, or time dependent protein-protein
interactions in signaling processes.

Results presented in Figures 3 and 4 suggest that it may be possible to distinguish effects
due to single molecule mobility from those arising from the dynamics of the average
composition simply by varying the density of tracers. If results arise entirely from anomalies
in single molecule motion, then then they will not depend on density beyond changes in
signal to noise, since all components of correlation functions will decrease linearly with
increasing density. In contrast, if the apparent anomaly arises from alternate dynamics of the
average composition, then results will appear more anomalous with increasing density. This
would occur because the amplitude of correlations arising from single molecule motions
decreases linearly with increasing density, while the amplitude of correlations arising from
the average composition is independent on density. One way that tracer density could be
systematically varied could be to utilize light activated fluorescent proteins that are
frequently used for super-resolution fluorescence localization imaging in live cells.

Some past work has predicted that the plasma membranes of intact cells resemble a super-
critical 2D Ising model like those explored in this study [23—25]. Figure 5 shows that there
are conditions where an Ising model can qualitatively mimic results obtained experimentally
using svFCS. While this is suggestive, it is not meant to provide experimental support for
this theory, and there are important quantitative differences between the findings shown in
Figure 5 and those in the experimental membrane literature. One trivial reason for
quantitative differences is that we were unable to probe areas larger than 16x103 nm?2
(0=50nm) due to technical limitations. For larger illumination areas, correlation-times begin
to exceed reasonable simulation time-scales even for Brownian diffusion. The longest
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simulations conducted in the current study extended to the equivalent of ~1s (10% updates)
making it difficult to sample correlation functions for slow correlation times with the
statistics needed to accurately sample g(t). If larger illumination areas were accessible in
these studies, as is routinely accomplished in experiments, we would expect to observe a
similar cross-over behavior at larger illumination areas in simulations conducted at lower
temperatures.

There are also more fundamental reasons to expect quantitative differences between the
current 2D Ising model simulations and experimental results, even if similar physical
mechanisms are present in both systems. For one, it has been shown both theoretically and
experimentally that the simple diffusive dynamics implemented here do not properly
describe the dynamics of composition fluctuations even in simple model membranes [38—
40]. This is because hydrodynamics plays important roles in these dynamics, decreasing
correlation times most significantly for larger fluctuations. In addition, the dynamics of the
average composition is directly linked to the dynamics of single pixels, since these are the
only components in these simulations. In a more compositionally complex membrane this
need not be the case. This is because different lipids and proteins can have varying single
molecule mobility while they collectively contribute to generate the dynamics of the average
composition.

In conclusion, here we demonstrate an example where svFCS measurements detect
dynamics on multiple time-scales in simulations of the 2D Ising model. In this case, the fast
time-scale corresponds to single component diffusive dynamics, the slow time-scale reflects
the dynamics of the average composition, and the relative amplitudes of these two
contributions vary with both illumination area and tracer density. If acquired g(<) curves are
interpreted as only reflecting single molecule mobility, then one would incorrectly conclude
that two diffusing species are present, or that a single diffusive species exhibits confined
motions. In actually, single component diffusion is only weakly affected by the presence of
heterogeneity in this system, and these apparent anomalies arise due to the presence of
slowly varying correlations in the average concentration. We propose that varying tracer
density within a single measurement could be used to distinguish anomalous single
component mobility from apparent anomalies resulting from the dynamics of the average
composition. Overall, these findings emphasize the need to probe complex systems with
multiple experimental methods in order to properly interpret experimental findings.
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Figure 1. Simulating spot size dependent correlation functions for Brownian motion
(AE) Representative snap-shots of simulations conducted at low (A; 0.03%) and high (E;

0.6%) tracer densities. Tracers are drawn larger than their actual size for demonstration
purposes. Images also depict the size and shape of several Gaussian illumination spots (40,
20, 10, and 4nm) standard deviations going from top to bottom. (B, F) Representative time-
traces calculated by superimposing the illumination spot on the tracer distribution as
described in Methods. Traces correspond to the same illumination areas and order shown in
A, E. (C,G) Time-time autocorrelation functions, g(t), tabulated from time-traces like those
shown in B,F. The points shown are an average over multiple spot locations and simulations,
and error bounds are smaller than the point dimensions. Lines are fits to Eqn 3 which
describes Brownian motion in two dimensions. Fits report the mean transit time, tp, and the
number of tracers per spot, N. (D,G) Plots of fit parameters vs. illumination area. tp varies
linearly with area and intersects the origin, as expected for Brownian motion. The slope of
this line is related to the diffusion coefficient as D = 1/(4 x slope) = 3.4um?/s. N is converted
into a % of tracers, p, which is independent of spot area, where p=N/(spot area) x(box area)/
(total number of components) x100%. Simulations were conducted in the Ising model with
T =5xT¢
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(A) R)e/presentative snap-shots of simulations conducted at the temperatures indicated and at
fixed tracer density (p=0.16%). White tracers are a subset of orange pixels and are drawn
larger than the pixels themselves for demonstration purposes. (B) Aggregate g(t) curves for
the temperatures and tracer density in A at a fixed spot area (corresponding to c=10nm).
Intensity at large © becomes more pronounced at lower temperatures when composition
fluctuations are large and long-lived. (C) Representative snap-shots of simulations
conducted at fixed temperature (1.05%T¢) and varying tracer density as indicated. Aggregate
g(w) curves for the temperature and tracer densities in C at a fixed spot area (corresponding
to 0=10nm). Intensity at short © depends strongly on tracer density, but all curves decay to
the same long © behavior within signal to noise. (E) Snapshot of T=1.05%T¢ and p=0.16%
blurred with different Gaussian filters with standard deviations (o) between 4 and 40nm.
This represents the image that would be acquired with this beam size if the structure was
static and if all ordered and disordered components were labeled. The color bar at right
indicates density (orange = all ordered components; blue = all disordered components).
Black circles have a radius of o. (F) Aggregate g(t) curves for simulations shown in E. The
long = tail of curves are not largely effected by the PSF size until o exceeds the correlation
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length (£=20nm under these conditions). In B, D, and E the inset contains the same data
plotted on a log-log scale.
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Figure 3. Fit parametersfrom simulated g(<)
(A) Aggregate g(t) curves from simulations conducted with T = 1.1xT¢ and p=0.16% and

the indicated illumination half-widths (o). Lines are fits to a single Brownian population
(Egn 3; solid color), two Brownian populations (Egn 4; solid black) and a single anomalous
population (Eqgn 5; dash color). (B) g(v) curves for T = 5xT¢ and p=0.16% at the same
illumination half-widths. Solid line is a fit to a single Brownian population (Eqgn 3). (C)
Summary of fit parameters obtained for p=0.16% over the range of temperatures indicated.
Fit parameters are described in Egns 3-5 in Methods. At high temperatures, the four
parameter fit of Eqn 4 is not well specified, therefore tp is replotted for tp1 and tpy is not
plotted for these conditions (T = 1.5xT¢, 5xT¢). (D) Summary of fit parameters obtained for
T = 1.1xT¢ over the range of tracer densities indicated. At the lowest tracer density shown
tp is replotted for tpq and tpy is not plotted for (p=0.03%) because the fit to Eqn 4 was not
well specified. The solid line in plots of tp vs area in C,D is a linear fit to tp points
corresponding to areas between 5.6x10% and 1.6 x10% nm2. This line is extrapolated to
area=0 to illustrate the positive y intercept.
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Figure 4. Summary of svFCSfit parametersin the 2D Ising model
(A) Extrapolated Y intercepts obtained by fitting plots of tp vs area, for areas between

5.6x103 and 1.6 x10% nm? where tp, is obtained by fitting to Eqn 3. (B) Effective diffusion
coefficients (Dggf) defined as the inverse slope divided by 4 of the line described for part A.
(C,D) Diffusion coefficients associated with the best fit values of tp; (C) and tp, (D) for
0=10nm (area = 630nm2) as determined from Eqn 4. (E) The inverse of the best fit value for
the confinement exponent a as determined from Eqgn 5.The value presented is an average
over all areas. The legends in B,C apply to points in panels A—E and conditions are plotted
only for instances where correlation functions and fits are well specified. (F) The
characteristic size of composition fluctuations as a function of reduced temperature. For all
temperatures probed, this correlation length is much smaller than the dimensions of the
simulation box (800x800nm).
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Figure5. 2D Ising model simulations can qualitatively resemble experimental findings
(A) Plot of transit times obtained by fitting either Eqn 3 or Eqn 4 to g(<) tabulated from Ising

model simulations conducted at 1.2Tc¢ and p=0.16%. g(t) tabulated using larger illumination
areas are well fit with a single transit time (tp), while smaller illumination areas are better
described using two distinct transit times tp1 and tpy. (B) Best fit confinement exponents a
determined by fitting the same g(t) in (A) to Egn 5. Curves suggest greater confinement (1/
a) is apparent at smaller illumination areas. Plots compare qualitatively to Figure 3 in [18].
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