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Abstract

We present a method for the evaluation of fluorescence fluctuations on the basis of Mandel’s Q parameter, using sampling
time-dependent factorial cumulants. By relating the Q parameter to the sampling time, we obtain the mean single molecule
rate (mSMR), an easy to interpret expression that provides both brightness and diffusion information. The model is suit-
able for the widely used confocal setups with single photon excitation and a single detection channel. We present a way to
correct the mSMR for afterpulsing, dead time and background noise. To account for photokinetic effects at short sampling
times, we expand the model by a simple on/off isomerization term, which is similar to the well-known triplet model. The
functionality of the mSMR is shown using Monte Carlo simulations. The correction mechanisms and the experimental
applicability of the model are then demonstrated by DNA measurements of defined composition. By systematically analyz-
ing DNA mixtures, we can show that at large sampling times, the mSMR correctly describes the single molecule brightness
rates and the diffusive properties of DNA molecules. At short sampling times, the photokinetic effects of isomerization are
accurately described by the mSMR model. Since additionally the mSMR can easily be corrected for measurement artefacts
such as detector dead time, afterpulsing and background noise, this is a valuable advantage over the standard method of
fluorescence correlation spectroscopy.

Keywords Fluorescence fluctuation spectroscopy - Cumulant analysis - Single molecule brightness - Nucleic acids -
Diffusion

Introduction improved by the introduction of confocal optics, which sig-

nificantly increased the signal-to-noise ratio up to the single

Fluorescence fluctuation spectroscopy (FFS) is an important
tool to study biomolecules in solution. It is based on the
statistical analysis of fluorescence intensity fluctuations due
to the diffusion of fluorescent particles through an excitation
volume. The fluorescent or fluorescence-labeled particles
are excited by a continuous or pulsed laser. A detector unit
captures a fraction of the emitted photons over time. A vari-
ety of analytical methods are available for the evaluation
of the fluorescence traces. Certainly the most widely used
technique is fluorescence correlation spectroscopy (FCS),
first described by Magde et al. [1, 2]. It was considerably
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molecule level [3]. Today there is a wide range of appli-
cations based on the fundamental concepts of FFS. These
methods fall into one of two categories. The methods in the
first category investigate fluctuations in the time domain.
They include, among others, fluorescence correlation spec-
troscopy (FCS) and its variants such as higher order FCS
(HOFCS) [4-6], fluorescence cross-correlation spectros-
copy (FCCS) [3, 7], and fluorescence life time spectroscopy
(FLCS) [8, 9]. Methods that investigate fluctuations in the
amplitude domain are in the second category. They include,
among others, the photon counting histogram (PCH) [10],
the fluorescence-intensity distribution analysis (FIDA) [11]
and the related fluorescence cumulant analysis (FCA) [12].
Both FIDA and FCA have been extended to larger sampling
times, now dubbed fluorescence intensity multi distribution
analysis (FIMDA) [13] and time integrated fluorescence
cumulant analysis (TIFCA) [14]. Finally, Scales and Swain
developed the correlated photon counting histogram (cPCH)

@ Springer


http://orcid.org/0000-0001-9450-7387
http://crossmark.crossref.org/dialog/?doi=10.1007/s10895-021-02803-3&domain=pdf

1884

Journal of Fluorescence (2021) 31:1883-1894

for an excitation with two excitation sources and two detec-
tion channels and showed that the two categories of FFS
methods based on fluctuations in the time domain and on
fluctuations in the amplitude domain, respectively, can be
unified in one theory [15].

In this paper, we derive a sampling time-dependent model
for the analysis of the single molecule brightness based on
Mandel’s Q parameter. We start with the first two factorial
cumulants as used in FIMDA and TIFCA to calculate the
Q parameter for increasing sampling times. We normalize
the Q parameter to the sampling time and obtain the mean
single molecule rate (mSMR) that provides both brightness and
diffusion information. The mSMR is suitable for single photon
excitation with single channel detection, widely used today in
fluorescence correlation spectroscopy. We evaluate this model
using Monte Carlo simulations. Then we apply the model to
real measured data. Since in real experiments detector arte-
facts occur in setups with a single laser source and a single
detection channel, the measurement data are corrected for the
most frequent effects, afterpulsing, detector dead time and
background noise. We show that this correction is sufficient for
an accurate representation of the data. Finally, we introduce
an on/off isomerization term to account for the influence of
photokinetic effects at short sampling times in DNA meas-
urements. The simple on/off isomerization term is similar to
a triplet term used in other FFS studies. For the measure-
ments under real conditions, we use DNA mixtures of known
composition and show that the results of the mSMR analysis
provide accurate results that are consistent with the literature.
Especially with short sampling times, mSMR is well suited
for the analysis of photokinetic effects. The primary aim of
this paper is to introduce the mSMR model and show its appli-
cability. Further experimental analyses are beyond the scope
of this paper and will be addressed in future publications.

Theory

We start with the general definition of Mandel’s Q parameter
[10, 16],

_ (R~ (k) _ () = (k)2 = (R)
(&) (&)

where (... ) is a time average and denotes the moments of
the photon counts k. The Q parameter is a measure of the
deviation of a photon number from a Poisson distribution for
which Q = 0 [16]. Q parameters greater than zero are called
superpoissonian and Q parameters less than zero are called
subpoissonian. The relevance of Mandel’s Q parameter for
correlation analyses of diffusing molecules has already been
reported in other studies [17, 18]. We can express the first
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@ Springer

and second ordinary moments of the photon counts & in
terms of intensity cumulants [19, 20] and get:

L

Q= e @

with the intensity cumulants x; = (k) and x, = (k*)—
(k)? — (k). For short sampling times compared to the char-
acteristic diffusion time z;, of the molecules through the
observation volume, the first two intensity cumulants are
given by [17]:

kK =€N, 3)

Ky =72€2N’ (€]

with e being the single molecule brightness and N being the
average number of molecules in the observation volume. The
coefficient y, is generally defined as [10]

_ J,(PSF()y dr

— . 5
J, PSF(r)dr ©)

In case of r = 2 and by approximating the normalized
point spread function PSF by a Gaussian beam profile

N 2 2 2
PSF(r) = exp <—2—(x ) 2Z—>, ©)
n 20
7, becomes
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Now we abandon the limitation to short sampling times
and consider the case of arbitrarily large sampling times
for the Q parameter.

o) =~ (®)

The sampling time-dependent first intensity cumulant
k;(T) can be defined as follows [12, 14]:

ki(T)=€eN=u, TN 9)

with p = % being the count rate of a single molecule. The
sampling time-dependent second intensity cumulant x,(7) is
given by [12, 14]

i (T) = v g T N T gye(T). (10)

The dimensionless binning function I'y; describes the
dependence of the second intensity cumulant on the data
sampling time and is defined as [14]
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For a three-dimensional Gaussian PSF, the correlation
function is

-1
T T
i) =[(1+2) ez ]

with 72 = z(z) / r(z) being the ratio of the axial z, and lateral r
expansion of the Gaussian PSF Eq. 6. Solving Eq. 11 for
83pg yields [13, 15]:
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With the mSMR the influence of the diffusion time 7,
becomes immediately apparent from the graphs in subplot
B and D. In these plots, the curve progression is strongly
reminiscent of the curve progression in fluorescence correla-
tion spectroscopy analyses. But instead of the mean particle
count, the mean rate of the single molecule brightness rate

is now determined via the amplitude of the curve.

forr=1,
(13)

with the dimensionless sampling time a =7 /7, and
p =r2=r}/z Inserting Egs. 9, 10 and 13 into Eq. 8 yields
the Q parameter as a function of the sampling time 7.

O3p6(T) =72 o T i 3p (1) (14)

An expression is obtained which for given geometric
parameters r depends solely on the rate of the single mol-
ecule brightness y, and the mean diffusion time z,. Figure 1
shows on the left side the curves of Eq. 14. By dividing
Eq. 14 by the sampling time T, we obtain the mean single
molecule rate (mSMR):

Measurement Artefacts

In fluorescence fluctuation spectroscopy, several interfering
factors occur. We will address the most common artefacts
afterpulsing, detector dead time and background noise and
present correction terms for the mSMR.

Afterpulsing and Detector Dead Time

Photon counting devices are not perfect and are themselves
sources of error. Afterpulsing and detector dead time are the

Fig.1 Comparison of Egs. 14
and 15. The left side of the
subplots shows Mandel’s Q
parameter Q(7) and the right
side displays the mSMR u(T).
A and B Varying diffusion
coefficient D. The rate of the
single molecule brightness is
constant at 4, = 100kCps. C
and D Varying single molecule
brightness rates y. The diffu-
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most common artefacts in FFS experiments that use single-
photon avalanche diodes. Afterpulsing affects all modern
photon counting devices. Whenever a signal is triggered at
the detector, there is a certain probability that another spuri-
ous photoelectron event is triggered. The probability of an
afterpulsing event is detector-specific and decreases rapidly
over time [18]. Typical probabilities for the occurrence of
afterpulsing are in the range of 1% and have a nanosecond to
microsecond delay to the true signal [21]. It is important to
note that an afterpulsing event can cause further afterpulsing
events, which are referred to as second or third order after-
pulsing. Afterpulsing increases Mandel’s Q parameter [22]
and should therefore be considered in an analysis based on
Mandel’s Q parameter. The second artefact is detector dead
time. After triggering an electron avalanche, the detector
needs a short periode of time to return to its original base
state. This time is called the detector dead time. During the
dead time no further photon events can be detected. The
detector is therefore blind for a short time. Typical detector
dead times are in the nanosecond range. Dead time reduces
Mandel’s Q parameter, which means that the measured value
of the Q parameter is smaller than the true value [22]. To
keep the influence of detector dead time as low as possible,
the detector should generally not be operated at too high
count rates. To account for afterpulsing and detector dead
time, the photocounting moments from the experiment (k"),,
can be corrected. To facilitate further analyses, it is conveni-
ent to correct the measured moments directly. The first two
moments (k) and (k*) corrected for first order afterpulsing
and detector dead time is given by [23]:

(k) = (k),,(1 = P, — ) + 6(k*),,. (16)

(k*y = (k*),,(1 = 2P, — 38) + 25(Kk>),,, + (6 = P){K)

a7
where P, is the afterpulsing probability of the detector and
6 is the dimensionless dead time given by 6 = "‘ET"“‘ with the
detector-specific dead time t4.,4. The above equations are
only valid for the case that (k)6 < 1. If this condition is not
met, the correction of the first two moments of a fluores-
cence trace is erroneous.

Background Noise

In addition to detector artifacts, the background noise of the
measurements has also an effect on the mSMR data. Back-
ground noise typically lowers the mSMR data and causes an
underestimation ot the single molecule brightness rate. This
effect is also known in fluorescence correlation spectros-
copy, where a decrease in the S/N ratio affects the average
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number of particles (N) in the detection volume. To com-
pensate for this effect a correction term y? is commonly
used [24, 25].

_ w \’
2= (14 52 ) a8)

with the background noise (b). We can adapt this term for
the rate of the single molecule brightness as follows:

P (k) —(b) _ <k>—<b>}(z
O,Corr <N>corr <N>

(-8)
= (k) Ho-

The term is suitable to correct y, from the experiment.
The background noise is determined for the correction via a
blank measurement. However, sometimes it is more practical
to correct the mSMR curves directly. For this we can apply the
background correction to the sampling time-dependent model.

19)

py\ !
ﬂcorr(T) = yZMOFdiff<l - %) (20)

Photokinetic Effects

While diffusive processes occur at comparatively large sam-
pling times, there are further photokinetic effects that occur
at very short sampling times. Frequently observed phenom-
ena are the occurrence of triplet states, rotational diffusion
and for some dyes isomerization effects, which influence the
emission characteristics of the particles under study [26].
Since we use very small laser powers in this study, triplet
effects can be neglected. We also work with time resolu-
tions of us. In contrast, rotational diffusion takes place in
nanoseconds and cannot be resolved in our setting. On the
other hand, the influence of isomerization is not negligible
for labeled DNA polymers. Commonly used fluorescence
dyes for RNA/DNA labeling (e.g. RiboGreen or PicoGreen)
belong to the group of cyanine dyes. These are known to
exhibit cis/trans isomerization, which leads to blinking
upon fluorescence excitation [27]. In the simplest case,
isomerization is a two-state system that switches back and
forth between a bright and a dark state. Assuming that the
isomerization takes place on much shorter time scales than
the diffusion process, the diffusion process can be regarded
as stationary relative to isomerization. That allows consid-
eration this process independently. The isomerization term
for a simple on/off system has the same shape as the term
for triplet effects and is given by [28]:
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F is the fraction of fluorophores in a dark state and 7 is
the sum of the switching rates k, and k. For the mSMR the
additional term is handled in the same way as the diffusion
term [13]. Thus, inserting Eq. 21 into Eq. 11 and integrating
over the sampling time yields

2 T
lﬁiso(T) = ﬁ / (T -7) gtriP(T) dz
0

_T (22)
| 2 FrpT—(1—exp TF)FT?,)
=1+ = .
T2 1-F)
This results in the entire expression for Q(T):

O(T) = v, py TT 4555(T) I'io(T), (23)

and for the sampling time-dependent mSMR u(7T):

U(T) =y, pig Ugie(T) Ty (T). (24)

A simple isomerization model for fluorescence correla-
tion spectroscopy analysis has been used to study the blink-
ing of GFP [26] and the cis-trans isomerization of the fluo-
rescent cyanine dye Cy5 [29]. In reality, M fluorophores bind
to a DNA polymer. This is a finite birth and death process
with M + 1 states from completely dark to all fluorophores
are emitting. For fluorescence correlation spectroscopy anal-
ysis such a system can be modeled by a system of coupled
differencial equations [28]. However, such a system can no
longer be represented analytically and consists of a linear
superposition of exponential functions with the eigenvalues
as decay constants.

M
8io(t) = ). by exp (4;1) (25)
i=0

In practice, the simplified model of a binary on/off
isomerization is a sufficiently good description of the experi-
mental data. Therefore, we will use the simplified, though
physically inaccurate, assumption of a binary on/off isomeri-
zation in our modeling.

Materials and Methods
Monte Carlo Simulation

In order to investigate the models without noise sources
(detector artefacts, isomerization effects), the diffusion of
particles is modeled in a Monte Carlo simulation. The simu-
lation volume is defined with 12X the axial and longitudinal
extension z, and r, of the detection volume. The minimum
step size e is determined by the fastest simulated species

and is limited to a maximum of 20nm to ensure the validity
of a Wiener process to describe a random walk of diffusing
species. Using the Einstein-Smolouchowski relationship, the
time slice At for the simulation of a 3D diffusion is given by

€2

At = —.
6D

(26)

The random direction of motion of each particle is equally
distributed in the 6 spatial directions. A Gaussian profile is
used as molecular detection efficiency profile (see Eq. 6).
The normalized Gaussian profile is multiplied by a factor
¢, which summarizes all optical properties of the simulated
particles (e.g. quantum efficiency, cross section, excitation
intensity), thus giving us:

G(r) = ¢ PSF(r). @7)

The number of photons emitted by each particle at loca-
tion r is modeled by a Poisson distribution

k
Poi(¢(r), k) = @e*ﬁ(”. (28)

The Poisson distribution returns the probability to detect
k photons from a simulated particle at position r with a
corresponding local photon count ¢(r). At the beginning
of each time slice the position of all simulated particles is
updated by a random motion in x, y or z direction, whereas
the step size of each particle depends on its diffusion coef-
ficient. After updating the position of all particles, Eq. 28 is
used to calculate the total number of emitted photons for all
particles. The successive calculation of the total number of
photons of all simulated particles for each time slice yields
the fluorescence trace. The simulation can easily be extended
to include additional noise factors such as Poissonian noise.
The simulated fluorescence trace is analyzed using Eq. 32
for increasing sampling times without correcting for detector
artefacts. The fitting of the data is done via Eq. 15.

Instrumentation

The measuring system used is a home-built confocal plate
reader. A schematic representation of the system used is
shown in Fig. 2. A fiber-coupled laser (488nm, Laser2000,
France) serves as a photon source.

The laser beam is directed via a dichroic mirror (LP500)
into a microscope objective (Neofluar, 63x/0.75, LD, Zeiss,
Germany) and focused on the sample in a microtiter plate
with transparent bottom. A part of the emitted fluores-
cence photons is collected by the objective and can now
pass the dichroic mirror due to the Stokes shift. An emis-
sion filter (535/50) filters out any remaining residual exci-
tation light. An optical fiber (50um, Thorlabs, Germany)
serves as a pinhole and transmits the measurement signal

@ Springer
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Fig.2 Laboratory setup of the
confocal plate reader for the

MTP on

Computer

measurements in our study. The
wells of a microtiter plate are
scanned in sequence via an xy
stage, with a z-adjustor moving

zy-table

TTU

the objective lens to the optimal

2
i SPAD

The excitation beam is coupled z
into the system via a fiber. The
fluorescence photons emitted
from the sample are focused
via a tube lens onto the detec-

focal point for the measurement.
I Lens

Voice coil

) A——

Dichroid

Emission

filter
| Glass

tion fiber, where the incident
photons are detected by a SPAD
and subsequently processed by a
time tagger card

Laser

to a single-photon avalanche diode (PDM, Micro Photon
Devices, Italy) with a dead time of 70ns and an afterpulsing
probability of < 1% (according to the manufacturer’s speci-
fications). The TTL signal from the diode is processed by
a time tagger card (Time Tagger 20, Swabian Instruments,
Germany) and sent to the computer where data processing
takes place. The reading of the wells is automated. Via an
xy-table (Jiikke, Germany) the wells of the plate are scanned
successively. An autofocus routine automatically finds the
sharpest measuring plane by moving the objective lens step
by step in z-direction via a voice coil (PI, Germany). Meas-
urement data are managed and hardware is controled by a
software developed by the authors of this study. The objec-
tive lens used in the setup is a long-distance air lens instead
of an oil or water immersion lens. We have shown the feasi-
bility of using a long-distance lens for FFS experiments in
other study [30]. The main advantage is that the setup is less
costly and easier to automate.

Data Processing

The measurement data as well as the data generated by the
Monte Carlo simulations have to be processed to derive the
sampling time-dependent moments. To calculate the mSMR
from a given fluorescence trace over a total observation time
T, we proceed as follows. The minimum sampling time of
the fluorescence traces of the FFS measurement is given by
the measurement setup and the specifications during data
acquisition. We divide the fluorescence trace of n entries into
all possible equidistant sampling intervals with T = ¢, — t,_,
withi =1,2,3,...,N, also referred to as sampling time.
We accomplish this by finding all integer divisors N for the
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length n of the original fluorescence trace. We then perform
a rebinning of the fluorescence trace, where the number of
combined bins corresponds to the sampling time. A quick
way of binning an array is via matrix multiplication. We
illustrate this with the example of a fourfold binning. We
start with a fluorescence trace with n entries and an original
binning time of 1 X105

a;
Fog=|: 29

ay

By a reshape, the n X 1 matrix of the fluorescence trace
is converted into a n/4 X 4 matrix. For clearity, we keep the
original indexing of the entries.

a, a, a; a,

F txg = : : P (30)

ap3 Ay 4,1 4y

We multiply the matrix with a 4 X 1 matrix containing

only ones values. The result is the binned n/4 X 1 matrix
with a sampling time of 4 x107s.

bl

— T—] :
Frg=Frgx[l111]" =] i 31

bn/4

The rebinning is repeated for all integer divisors of n. For
each rebinned fluorescence trace, we calculate the associated
first and second moments of the photon counts and finally
get the sampling time-dependent Q parameter, which we
normalize to the corresponding sampling time 7
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Fig.3 mSMR from simulated
fluorescence traces. The general
parameters are: ,, = 0.4um,
simulation time ¢ = 10s. A _
Varying rate of single mol- A
. . o}
ecule brightness 1, with =
g
3

constant geometric parameter
r = 1, diffusion coefficient
D = 50pum? /s and particle
number ng,, = 20. B Varying
diffusion coefficients D, with 0

(R g

o = 100kCps
o = 80kCps
o = 60kCps
o = 40kCps

S o @ @

D =50 ppm?/s

D = 100pm?/s
D =200pm?/s
D = 400pm?/s

constant geometric parameter T :
r = 1, single molecule bright-
ness rate 4, = 100kCps and

particle number ng,, = 20.

C Varying particle numbers
Ngm, = 20, with constant
geometric parameter r = 1, dif-
fusion coefficient D = 50um? /s
and single molecule brightness
rate 4, = 100kCps. D Varying
geometric parameter 7, with
constant diffusion coefficient

D = 50um? /s, single molecule
brightness rate y, = 100kCps 0-

(SRR A d

r=1

Ngim = 20
Ngim = 40
Ngim = 60
Ngim = 100

S o o e

0y

and particle number ng,, = 20 T T

1074 1072 100
T [s]
o(T) (k?), (T) = (k)2 (T) = (k),(T) measurement setup automatically finds the bottom side of
w(T) = = . (32)  the microtiter plate and performs the measurement accord-

T T k), (T)

To account for the effects of afterpulsing and detector
dead time, the two measured moments (k),, and (k*),, are
corrected via Eqs. 16 and 17 before they are inserted into
the above equation. Subsequently, u(7T) is fitted with Eq. 15
using a least square non-linear fitting routine to derive the
physical parameters.

Sample Preparation and Data Acquisition

Double stranded DNA fragments of defined length
(Nolimits DNA fragments, Thermofisher, USA) are
used in the measurements. The dsDNA fragments (50bp,
100bp, 200bp, 300bp, 500bp, 700bp, 1000bp) and DNA
library solutions are prepared in 25% DMSO and 75%
water (vol/vol) and adjusted to the following concentra-
tions: 0, 5, 10, 25, 50, 100, 150 and 200pg/ul. A 0.6x
solution of the cyanine dye RiboGreen (997ul TE-buffer
and 3 ul RG stock solution) is used for labelling the DNA
molecules. Equal volumes of DNA solution and 0.6x dye
solution are mixed and equilibrated for 24. RiboGreen
stains all types of nucleic acids and has been shown in
pre-tests to be very bright and to yield accurate results
[30].

For the measurements, 40u/ of the samples are trans-
ferred into a 384 well microtiter plate (xClear, non-binding,
Greiner BioOne, Germany). The algorithm controling the

ing to the given parameters. For each well, five measure-
ments are recorded at different locations. The measurement
time for each point is 10s. The laser power is set to 2.5uW
or 10uW (see captions below for details). The fluorescence
traces are processed as described in section “Data Process-
ing” and fitted with the model that includes the isomeriza-
tion term (Eq. 24). The fit parameters of the five measure-
ments in each well are averaged.

Results and Discussion
Simulations

The mSMR model is checked for plausibility using Monte
Carlo simulation. This allows us to vary parameters that
are difficult to change experimentally, such as the single
molecule brightness rate or the geometric dimensions of
the detection volume. In addition, disturbing experimental
factors such as detector afterpulsing or dead time can be
neglected in the simulation. All simulations are run five
times for a measurement time of 10s. The lateral expansion
of the confocal volume is r, = 0.4um. Figure 3 shows the
results of the simulations. The data points are the average
of the five individual simulation runs. The data are fitted
with Eq. 15. Subplot A shows the curves of the mSMR u(T)
for different single molecule brightness rates (u, = 40kCps,
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60kCps, 80kCps, 100kCps). The diffusion coefficients and
the mean particle number are constant (D = 50um? /s and
ngm = 20). The geometric parameter is r = 1. We see that
the amplitude of the curves increases with increasing rates
for the single molecule brightness. From the fits, we get the
single molecule brightness rates with the corresponding
standard diviations: y, = 40.5+ 0.6, 60.3 +1.4,79.2 + 1.8
and 98.4 + 2.6kCps. These results are in perfect agreement
with the initial simulation parameters for u,. Subplot B
shows the curves of u(T') for varying diffusion coefficients
(D = 50,100, 200, 400um2/s). The rate of the single mol-
ecule brightness and the particle number are kept constant
(g = 100kCps and N = 20). The geometric parameter is
r = 1. For decreasing diffusion coefficients, the curves shift
towards larger sampling times. From the fits of the data we
obtain the mean diffusion time 7, that the particles need on
average to pass through the detection volume. From the dif-
fusion time, the diffusion coefficient is calculated using the
following relationship:

72

0
D= E 33)

The following diffusion coefficients and their standard
deviations are derived from the fit of the simulated data:
D =53+3,102+ 5,204 + 6 and 407 + 16;42/s. Once again
the results are in good agreement with the initial param-
eters of the simulation. Subplot C shows the results of
the simulation for varying numbers of particles (N = 20,
40, 60 and 100) at a constant single molecule brightness
rate (y, = 100kCps) and constant diffusion coefficient
(D = 50um?/s). The geometric parameter is r = 1. As
expected, the mSMR curves show no significant deviations
from each other, since the single molecule brightness rate is
the same in all simulations. Subplot D finally shows the data
for varying geometric parameters. The axial expansion was
gradually increased (z, = 0.4, 0.8, 2.0 and 4.0um) while the
lateral expansion was kept constant (r, = 0.4um) resulting
inr =1, 2, 5 and 10. The other simulation parameters were
held constant (N = 20, u, = 100kCps and D = 50um?/s).
As expected, the variation of the geometric parameter r
shows no influence on the amplitude of the curves and thus
on 4. The sigmoidal decline of the data at larger sampling
times, however, is influenced by the axial expansion. But
the influence is very small. Between the curves of r = 1 and
r = 2 there is still a clear difference. But the curves of r = 5
and r = 10 practically coincide. Thus, for large r, the sensi-
tivity of the model to variations in r is very weak. For the fit
of data from real measurements, we recommend not to leave
the geometric parameter r freely adjustable, but to determine
it via a precise calibration using a fluorescent dye of known
concentration (e.g. Alexa 488), and considering r fixed for
further experimental evaluations.

@ Springer

By systematically varying the molecular parameters in
the Monte Carlo simulations, we demonstrated that the
mSMR model can reliably reproduce the initial simulation
parameters and behaves according to the theoretical expecta-
tions. However, the model is very insensitive to variations
of the geometric parameter . We recommend to determine
the geometric parameter by calibration measurements for the
confocal setup and to include it as a fixed parameter in the
non-linear fit of the model to the data points.

Experiments

After checking the model with simulated data, we now test
our model against data from real measurements. We do this
with measurements on double-stranded DNA mixtures of
known composition.

Measurements Artefacts

In the analysis of real measurements, detector artefacts play
an important role, especially for short sampling times. We
focus on afterpulsing and detector dead time, the two most
important artefacts, and demonstrate their effects in the eval-
uation of a 100bp DNA mixture. Additionally, we take into
account the influence of background noise on the mSMR
model. The measurements were conducted with an excita-
tion power of 10uW to make the effects more prominent.
In later measurements we will work with somewhat lower
excitation powers. Figure 4 shows the stepwise correction
of the detector artefacts in the mSMR. We start in Subplot
A with the raw mSMRs of a dilution series. It can be seen
that the amplitudes of the mSMR curves differ, although
the molecules studied are the same for all concentration
steps. This difference is caused by background noise. In
addition, it is noticeable that at short sampling times the
data series of high concentration show a slightly deviat-
ing course from the other data series. This effect is caused
by detector dead time. At higher laser powers and higher
concentrations, this effect starts to dominate and prevents,
without correction, a meaningful evaluation. We start with
correcting u(T) for detector dead time using Eq. 17 with a
dead time of 74,4 = 70ns. Subplot B shows the detector dead
time corrected results. The characteristic deviations at small
sampling times between the data series have disappeared.
Instead, there is now a slight exponential increase of u(7)
at short sampling times in all data sets. This overestimation
of the amplitude is caused by afterpulsing. We now correct
the data sets for afterpulsing by applying Eq. 17 with an
afterpulsing probability of P, = 0.006. In subplot C we see
that the exponential character of the mSMR curves disap-
peared at short sampling times. The corrected data can be
accurately fitted with Eq. 24, which takes a binary on/off
isomerization into account. The remaining deviations in the
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Fig.4 Stepwise correction of 15.0 4 15.0 4
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amplitudes are caused by background noise, which has a
much stronger influence on the curves at low concentrations
than at high concentrations. We correct for this effect using
Eq. 20. We determined the amount of background noise
with a blank measurement. Subplot D finally shows the u(7T)
curves completely corrected for afterpulsing, detector dead
time and background noise. The data points are now in good
alignment for all concentration steps. We perform these cor-
rection steps for all collected data sets in this study.

DNA Mixtures

In the following, we study the mSMR model with DNA solu-
tions of defined fragment lengths. Dilution series are prepared
and evaluated for each fragment length. The studied concen-
trations are 5, 10, 25, 50, 100, 150, 200 pg/ul. The laser power
used is set to 2.5u W to minimize detector artefacts and to keep
photobleaching as low as possible. We correct all data sets for
measurement artifacts. A summary of the results is shown in
Fig. 5. Subplot A shows the averaged u(T') curves over all
studied concentration steps. The increase in amplitude and
the shift of the data series towards larger sampling times with
increasing fragment lengths is obvious. All data series can
be reliably fitted with Eq. 24 with isomerization term. Sub-
plot B displays the averaged single molecule brightness rates
of each dilution series. With increasing fragment length also
Mo increases. The increase in brightness is to be expected as
more marker molecules can bind to larger DNA fragments and

contribute to the overall brightness of the molecule. The data
points can be fitted with a polynomial of second order. The
deviation from an ideal straight line is presumably due to size
effects of the DNA molecules when traversing the detection
volume. However, despite the low excitation powers, increas-
ing photon bleaching effects for larger molecules cannot ruled
out either [30]. Subplot C shows the average diffusion times
of the dilution series. With increasing fragment size, the diffu-
sion time also increases. The diffusion coefficients of the DNA
fragment solutions are determined from the mean diffusion
time using Eq. 33 with a lateral expansion of r, = 0.40um
from a calibration measurement. The diffusion coefficients are
shown in Subplot D in a double-logarithmic representation.
The data points can be described by a power law. The fit yields
an exponent of B = —0.73 + 0.03 (standard error), which is
in almost perfect agreement with previously reported values
in literature (B = —0.72 [31]). This indicates that the meas-
urements are in line with the expectations from the literature.

We will look a little closer at the data set and focus on
isomerization effects at short sampling times. For this, we
use the averaged mSMR curves from Fig. 5, subplot A.
Since the measurements were taken at only 2.5uW exci-
taion power, we initially assume that triplet states can be
neglected and we can focus entirely on isomerization. We
divide the mSMR curves by the diffusive fraction I of the
fitted model, thereby isolating the fraction of isomerization
I' ;i of the model at short sampling times. Figure 6, subplot
A shows the results of this procedure.

@ Springer
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Fig.5 Summary of the results
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We focus on sampling times from microseconds to mil-
liseconds. The amplitudes of the isomerization fraction
decrease significantly for longer fragment lengths and
are practically negligible for 1000bp DNA fragments.
We are reasonably accurate in fitting the isomerization
fractions to the isomerization model Eq. 22, as indicated
by the continuous graphs plotted. The isomerization frac-
tions obtained from the fit are shown with their associ-
ated standard deviations in subplot B. The course of the
data points is reminiscent of an exponential decay that

T T T
0 200 400 600
Fragment size [bp]

T
102 10°
Fragment size [bp]

T T
800 1000

asymptotically approaches a threshold. In the isomeriza-
tion model, F describes the fraction of molecules that are
in a dark state and cannot emit photons. This therefore
means that for large DNA fragments, fewer molecules
are in a dark state, which immediatelly makes sense since
more dye molecules bind to them, reducing the probabil-
ity of a completely dark state for the molecule. Although
we employ a simplified on/off isomerization model, we
can still accurately describe the mSMR curves at short
sampling times.

Fig. 6 Photokinetic effects in
the mSMR curves of DNA

measurements. A Division of
the mSMR curves by the dif-
fusive part I of the mSMR S 141

model. B The mean proportions &
F with standard deviations from E 1.3 1
the isomerization term for the [ 12
DNA mixtures <
1.11
1.0 A
T - T
10— 10~4
T [s]
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Conclusion

In this paper we presented the evaluation of fluorescence
fluctuation experiments based on Mandel’s Q parameter
for increasing sampling times, making use of the concept
of factorial cumulants for larger sampling times, as used
in FIMDA and TIFCA. By relating the Q parameter to the
sampling time, we obtain the mean single molecule rate
(mSMR), from which the characteristic diffusion properties
of the sample under study can be directly interpreted visu-
ally, analogous to fluorescence correlation spectroscopy. The
concept of the mSMR can be extended to include other pho-
tokinetic effects such as triplet state and isomerization. Our
model is suitable for single photon excitation and a single
detection channel. First, we demonstrated the functionality
of the mSMR model by analyzing Monte Carlo-simulated
fluorescence traces. The simulation allows to vary the input
parameters systematically, and we could show that the model
can reproduce the changes in these parameters. In a second
step, real measurements were evaluated. Since real meas-
urements include artefacts, especially afterpulsing, detector
dead time and background noise, we presented correction
mechanisms to account for these effects. Using the example
of measurements on a dilution series of 100bp DNA solu-
tion, we demonstrated the individual disturbances introduced
by the measurement artefacts and corrected them one by
one. This enabled us to bring the measurement results of the
DNA dilution series into perfect alignment. We then evalu-
ated systematic measurements of DNA dilution series with
increasing defined fragment lengths. The mSMR showed
that the single molecule brightness rate increases for larger
DNA fragments. This is in line with our expectations, as
more dye molecules can bind to larger fragments. We also
derived diffusion coefficients for the individual DNA mix-
tures from the mean diffusion times: The results are in line
with data reported in the literature. The more detailed study
of the isomerization in the DNA measurements showed that
the mSMR can describe the measurement data very accu-
rately, especially at short sampling times. We could observe
how the fraction of labeled DNA molecules in a complete
dark state decreases for large DNA fragments. This decrease
seems to follow an exponential decay. This observation is
plausible since RiboGreen is a cyanine dye and shows cis/
trans isomerization. This means that it alternates between a
bright fluorescent and a dark state. Since longer fragments
have more dye molecules bound, the probability for a com-
plete dark state of the dyed molecule decreases accordingly.

In further studies, we plan to go into more detail about the
photokinetic effects in mSMR and plan to directly compare
fluorescence correlation spectroscopy and mSMR. Initial
observations suggest that mSMR may have an advantage
here. Interesting future applications for the mSMR could

be the analysis of in vivo hybridization experiments, e.g.,
the binding of two or more fluorescently labeled probes to
a complementary target sequence could be studied in real
time by mSMR, which should allow sequence-specific
detection of nucleic acids directly in a biological system.
Another application could be the temporal study of protein
agglomeration in the cell membrane. Fluorescently labeled
proteins diffusing into or along the cellular membrane could
be observed by changes in diffusion times or single molecule
brightness rate during agglomeration. In the latter case, we
need to consider diffusion in 2D for the mSMR and need to
adapt the model accordingly.

We believe that mSMR represents a substantial enrich-
ment of fluorescence fluctuation methods. The mSMR can
be calculated very quickly and evaluated analogously to the
FCS. In addition, the ability to correct detector artifacts is
a valuable advantage over the standard method of fluores-
cence correlation spectroscopy. We are convinced that our
method can be an alternative to fluorescence correlation
spectroscopy.

Acknowledgements We would like to thank the members of the Bio-
MOS group at Fraunhofer FIT who were involved in this research for
their support. Special thanks to Michael Fuchs for writing the device
control software and the application’s user interface.

Author Contributions Conceptualization: LS, BG, HM; Data curation:
LS; Formal Analysis: LS; Funding Acquisition: HM, LS, BG; Investi-
gation: LS; Methodology: LS, BG; Projekt Administration: LS, HM;
Ressources: HM; Software: MF, BG, LS; Supervision: HM; Validation:
LS; Visualization: LS; Writing — Original Draft: LS; Writing — Review/
Editing: LS

Funding Open Access funding enabled and organized by Projekt
DEAL. The authors received no specific funding for this work.

Data Availability The datasets generated during and/or analyzed during
the current study are available via a public repository: https://doi.org/
10.5281/zenodo.5148018.

Code Availability Minimal examples for data processing are available
from the corresponding author on reasonable request.

Declarations

Conflicts of Interest/Competing Interests The authors declare that
they have no conflict of interest.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will

@ Springer


https://doi.org/10.5281/zenodo.5148018
https://doi.org/10.5281/zenodo.5148018

1894

Journal of Fluorescence (2021) 31:1883-1894

need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Magde D, Elson E, Webb WW (1972) Thermodynamic fluctua-
tions in a reacting system measurement by fluorescence correla-
tion spectroscopy. Phys Rev Lett 29(11):705-708. https://doi.org/
10.1103/PhysRevLett.29.705

2. Magde D, Elson EL, Webb WW (1974) Fluorescence correla-
tion spectroscopy II. An experimental realization. Biopolymers
13(1):29-61. https://doi.org/10.1002/bip.1974.360130103

3. Eigen M, Rigler R (1994) Sorting single molecules: Application
to diagnostics and evolutionary biotechnology. Proc Natl Acad Sci
USA 91(13):5740-5747. https://doi.org/10.1073/pnas.91.13.5740

4. Palmer AG, Thompson NL (1987) Molecular aggregation charac-
terized by high order autocorrelation in fluorescence correlation
spectroscopy. Biophys J 52(2):257-270. https://doi.org/10.1016/
S0006-3495(87)83213-7

5. Palmer AG, Thompson NL (1989) High-order fluorescence fluc-
tuation analysis of model protein clusters. Proc Natl Acad Sci
USA 86:6148-6152

6. Palmer AG, Thompson NL (1989) Intensity dependence of high-
order autocorrelation functions in fluorescence correlation spec-
troscopy. Rev Sci Instrum 60(4):624-633. https://doi.org/10.
1063/1.1140374

7. Schwille P, Meyer-Almes FJ, Rigler R (1997) Dual-color fluo-
rescence cross-correlation spectroscopy for multicomponent dif-
fusional analysis in solution. Biophys J 72:1878-1886

8. BoOhmer M, Wahl M, Rahn HJ, Erdmann R, Enderlein J (2002)
Time-resolved fluorescence correlation spectroscopy. Chem Phys
Lett 353:439-445

9. Kapusta P, Macha R, Benda A, Hof M (2012) Fluorescence Life-
time Correlation Spectroscopy (FLCS): Concepts, Applications
and Outlook. Int J Mol Sci 13:12890-12910. https://doi.org/10.
3390/ijms131012890

10. Chen 'Y, Miiller JD, So PTC, Gratton E (1999) The photon count-
ing histogram in fluorescence fluctuation spectroscopy. Biophys J
77(1):553-567. https://doi.org/10.1016/S0006-3495(99)76912-2

11. Kask P, Palo K, Ullmann D, Gall K (1999) Fluorescence-intensity
distribution analysis and its application in biomolecular detec-
tion technology. Proc Natl Acad Sci USA. 96(24):13756-13761.
https://doi.org/10.1073/pnas.96.24.13756

12. Miiller JD (2004) Cumulant analysis in fluorescence fluctuation
spectroscopy. Biophys J 86(6):3981-3992. https://doi.org/10.
1529/biophysj.103.037887

13. PaloK, Mets U, Jager S, Kask P, Gall K (2000) Fluorescence intensity
multiple distributions analysis: Concurrent determination of diffusion
times and molecular brightness. Biophys J 79(6):2858-2866. https://
doi.org/10.1016/S0006-3495(00)76523-4

14. Wu B, Miiller JD (2005) Time-integrated fluorescence cumu-
lant analysis in fluorescence fluctuation spectroscopy. Biophys J
89(4):2721-2735. https://doi.org/10.1529/biophys;j.105.063685

15. Scales N, Swain PS (2019) Resolving fluorescent species by their
brightness and diffusion using correlated photon-counting histo-
grams. PLoS One 14(12):1-31. https://doi.org/10.1371/journal.
pone.0226063

16. Mandel L (1979) Sub-Poissonian photon statistics in resonance
fluorescence. Opt Lett 4(7):205-207. https://doi.org/10.1364/01.4.
000205

@ Springer

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Hillesheim LN, Miiller JD (2003) The photon counting histogram
in fluorescence fluctuation spectroscopy with non-ideal photo-
detectors. Biophys J 85(3):1948-1958. https://doi.org/10.1016/
S0006-3495(03)74622-0

Sanchez-Andres A, Chen Y, Miiller JD (2005) Molecular brightness
determined from a generalized form of Mandel’s Q-parameter. Bio-
phys J 89(5):3531-3547. https://doi.org/10.1529/biophysj.105.067082
Qian H, Elson EL (1990) Distribution of molecular aggregation
by analysis of fluctuation moments. Proc Natl Acad Sci USA
87(14):5479-5483. https://doi.org/10.1073/pnas.87.14.5479
Qian H, Elson EL (1990) On the analysis of high order moments
of fluorescence fluctuations. Biophys J57(2):375-380. https://doi.
org/10.1016/S0006-3495(90)82539-X

Ishii K, Tahara T (2015) Correction of the afterpulsing effect in
fluorescence correlation spectroscopy using time symmetry analysis.
Opt Express 23(25). https://doi.org/10.1364/0OE.23.032387 https://
www.osapublishing.org/abstract.cfm?URI=o0e-23-25-32387

Finn MA, Greenlees GW, Hodapp TW, Lewis DA (1988) Real-time
elimination of dead time and afterpulsing in counting systems. Rev
Sci Instrum 59(11):2457-2459. https://doi.org/10.1063/1.1139926
Reiner JE, Jahn A, Locascio LE, Gaitan M, Kasianowicz JJ (2007)
Liposome characterization with fluorescence cumulant analysis.
Noise and Fluctuations in Biological, Biophysical, and Biomedi-
cal Systems 6602:660201. https://doi.org/10.1117/12.726803
Buschmann V, Kridmer B, Koberling F, Macdonald R, Riittinger S
(2009) Quantitative FCS: Determination of the Confocal Volume
by FCS and Bead Scanning with the MicroTime 200

Hess ST, Webb WW (2002) Focal volume optics and experimental
artifacts in confocal fluorescence correlation spectroscopy. Biophys
J83(4):2300-2317. https://doi.org/10.1016/S0006-3495(02)73990-8
Widengren J, Mets U, Rigler R (1999) Photodynamic properties of
green fluorescent proteins investigated by fluorescence correlation
spectroscopy. Chem Phys 250(2):171-186. https://doi.org/10.1016/
S0301-0104(99)00255-4

Widengren J (2001) Photophysical Aspects of FCS Measurments. In:
R. Rigler, S.E. Elliot (eds.) Fluorescence Correlation Spectroscopy
- Theory and Applications, 1st edn., chap. 13, pp. 276-301. Springer-
Verlag Berlin Heidelberg, Heidelberg

Keller S (2004) Fluoreszenz-Korrelations-Spektroskopie in Poly-
merldsungen. Dissertation, LMU Miinchen

Widengren J, Schwillle P (2000) Characterization of photoin-
duced isomerization and back-isomerization of the cyanine dye
cy5 by fluorescence correlation spectroscopy. J Phys Chem A
104(27):6416—6428. https://doi.org/10.1021/jp000059s
Sparrenberg LT, Greiner B, Mathis HP (2020) Bleaching correction
for DNA measurements in highly diluted solutions using confocal
microscopy. PLoS One 15(7):1-17. https://doi.org/10.1371/journal.
pone.0231918

Lukacs GL, Haggie P, Seksek O, Lechardeur D, Freedman N,
Verkman AS (2000) Size-dependent DNA mobility in cytoplasm
and nucleus. J Biol Chem 275(3):1625-1629. https://doi.org/10.
1074/jbc.275.3.1625

Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1103/PhysRevLett.29.705
https://doi.org/10.1103/PhysRevLett.29.705
https://doi.org/10.1002/bip.1974.360130103
https://doi.org/10.1073/pnas.91.13.5740
https://doi.org/10.1016/S0006-3495(87)83213-7
https://doi.org/10.1016/S0006-3495(87)83213-7
https://doi.org/10.1063/1.1140374
https://doi.org/10.1063/1.1140374
https://doi.org/10.3390/ijms131012890
https://doi.org/10.3390/ijms131012890
https://doi.org/10.1016/S0006-3495(99)76912-2
https://doi.org/10.1073/pnas.96.24.13756
https://doi.org/10.1529/biophysj.103.037887
https://doi.org/10.1529/biophysj.103.037887
https://doi.org/10.1016/S0006-3495(00)76523-4
https://doi.org/10.1016/S0006-3495(00)76523-4
https://doi.org/10.1529/biophysj.105.063685
https://doi.org/10.1371/journal.pone.0226063
https://doi.org/10.1371/journal.pone.0226063
https://doi.org/10.1364/ol.4.000205
https://doi.org/10.1364/ol.4.000205
https://doi.org/10.1016/S0006-3495(03)74622-0
https://doi.org/10.1016/S0006-3495(03)74622-0
https://doi.org/10.1529/biophysj.105.067082
https://doi.org/10.1073/pnas.87.14.5479
https://doi.org/10.1016/S0006-3495(90)82539-X
https://doi.org/10.1016/S0006-3495(90)82539-X
https://doi.org/10.1364/OE.23.032387
https://www.osapublishing.org/abstract.cfm?URI=oe-23-25-32387
https://www.osapublishing.org/abstract.cfm?URI=oe-23-25-32387
https://doi.org/10.1063/1.1139926
https://doi.org/10.1117/12.726803
https://doi.org/10.1016/S0006-3495(02)73990-8
https://doi.org/10.1016/S0301-0104(99)00255-4
https://doi.org/10.1016/S0301-0104(99)00255-4
https://doi.org/10.1021/jp000059s
https://doi.org/10.1371/journal.pone.0231918
https://doi.org/10.1371/journal.pone.0231918
https://doi.org/10.1074/jbc.275.3.1625
https://doi.org/10.1074/jbc.275.3.1625

	The Mean Single Molecule Rate (mSMR) in the Analysis of Fluorescence Fluctuations: Measurements on DNA Mixtures of Defined Composition
	Abstract
	Introduction
	Theory
	Measurement Artefacts
	Afterpulsing and Detector Dead Time
	Background Noise

	Photokinetic Effects

	Materials and Methods
	Monte Carlo Simulation
	Instrumentation
	Data Processing
	Sample Preparation and Data Acquisition

	Results and Discussion
	Simulations
	Experiments
	Measurements Artefacts
	DNA Mixtures


	Conclusion
	Acknowledgements 
	References


