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Abstract

Functionalized nanoparticles can play an important role in drug delivery and biosensing. For
these applications it is important to have good control over the functionalization for predictable
behaviour and reproducible results. Studying functionalized nanoparticles is challenging, because
of the small scale of the biomolecules.

Points Accumulation In Nanoscale Topography (PAINT) is an upcoming method to study
functionalized nanoparticles. It makes use of fluorescently labelled ssDNA strands, called imager
strands, which can transiently hybredize to ssDNA strand immobilized on the particle, called
docking strands. During a binding events, the time versus intensity trace of the region of interest
of the particle will show an intensity burst.

The time versus intensity traces can be analysed with a technique called quantitative PAINT,
(qPAINT). This technique depends on a user defined intensity threshold do distinguish frames with
binding events (bright times) from frames without binding events (dark times). The mean dark
time is inversely proportional to number of binding sites. The precision of qPAINT is highest for
intermediate imager strand concentrations (for which the dark time equals bright time), because
statistics is highest. For high imager strand concentrations, many events take place simultaneously,
are concatenated and mask dark times, hence statistics goes down. Long, low intensity events are
often wrongly identified as several short events and short dark times. To cope with this, we
chose to correct for short dark times. This approach works best for intermediate imager strand
concentrations, hence also accuracy is highest for intermediate imager strand concentrations.

Alternatively, the time versus intensity traces can be analysed with a technique called fluores-
cence correlation spectroscopy (FCS), which does not require a user defined threshold. In FCS
the autocorrelation function of the time trace is computed and fitted with a single exponential
function. The fit contrast is inversely proportional to the number of binding sites. When applied
to time traces from particles, which typically have non-homogeneous event intensities, we find a
systematic undercounting. For a wide range of imager strand concentration we can simply correct
the result with a correction factor retrieved from simulations. With this correction factor we find
that precision and accuracy increases with increasing imager strand concentration.

Analysis of experimental data showed a good agreement between the results of qPAINT and
FCS and with the trends in precision found in silico.
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Chapter 1

Introduction

1.1 Nanoparticles

Our present time will be eternalized in the history books as the era in which daily lives became
dominated by the power of an invisible killer; the corona virus. From a material scientist’s point
of view we can think of this virus as a clever nanoparticle. It has the ability to spread in tiny fluid
droplets, enter our bodies easily and recognize the right cells to victimize.

In contrast to the spreading of diseases, man-made mirco- and nanoparticles can be employed
for much nobler causes such as targeted drug delivery and biosensing [1][2]. Nanoparticles employed
in drug delivery serve as vehicle to transport the medicine to a specific cell, as is illustrated in figure
1.1a. In the treatment for cancer for example it is very beneficial to have the drug encapsulated in
nanocarriers, such as the FDA-approved Doxil [3], which accumulates in a tumor. The nanocarrier
can travel through the body, recognize cancer cells and release the drug locally. This reduces side

Figure 1.1: a) Nanoparticles employed in drug delivery serve as vehicles to deliver drugs to specific cells,
for example, tumor cells. The nanoparticle is coated with molecules that recognize the receptors which are
specific to the tumor cell. Via receptor mediated endocytosis the particle is absorbed in the tumor cell where
it releases its load; the medicine. b) Nanoparticles employed in biosensing serve as transducer to measure
the presence of specific biomarker in a sample. The nanoparticles are functionalized with molecules that
bind very specifically to the biomarker of interest. Upon binding, there is a change in signal which is
measured and the amplitude of the change in signal is related to the quantity of the biomarker, which is
valuable information on the patient’s health status.
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effects, such as damage to healthy tissue. Biosensing refers to medical diagnostics achieved by
rapid sensors which can detect biomarkers in small volumes of bodily fluids such as blood, sweat
or urine. Handheld biosensors such as the glucose sensor and pregnancy tests allow home-testing,
omitting the need for a hospital visit and expensive hospital equipment. Biosensors currently
in development are based on a wide range detection principles, but many promising techniques
make use of micro- or nanoparticles. Nanoparticles employed in biosensors serve as transducers,
as is illustrated in figure 1.1b. These particles are functionalized (meaning they are coated) with
biomolecules that bind very specifically to a molecule of interest (a so-called biomarker) and give
a change in signal upon binding. This signal can, for example, be optical, electrical or magnetic.
The change in signal is as a measure for the quantity of the molecule of interest, and that in
turn can give a patient or physician information on the patients health status. Biosensors such as
the glucose sensors already enabled diabetes patients to take control over their own health, but
with innovative nanoparticle-based biosensors we can enable monitoring of many different disease
markers, possibly helping a wide range of patients.

Both drug delivery and biosensing applications rely on the right functionalization of the nanopar-
ticles, with recognition molecules such as antibodies or aptamers. For robust design of nanocarriers
and biosensors it is important to have a good control over the functionalization in order to get
predictable behaviour of the nanocarriers and reproducible responses of the biosensors. This is
easier said than done. The process of functionalizing nanoparticles is in a large extend still subject
to chance. We mix the ingredients in solution and let the chemistry and physics do their work.
On the level of what happens to individual molecules we often have little control. Many stud-
ies of functionalized nanoparticles have already shown particle-to-particle heterogeneity and even
intra-particle heterogeneity. A comprehensive review is of these studies is given by Rabanel et al
[4]. Figure 1.2 illustrates the variations that can occur in functionalized nanoparticles. Within one
batch of particles the number of biomolecules can vary significantly, as is illustrated in the top row.
In reality, non-uniformity of the sizes of the particles in itself is a major cause for this observation.

Figure 1.2: Variations in distribution of functional sites on coated particles used in biosensors. Within
batches of particles particle-to-particle variations in number of biomolecules are found as well as intra-
particle heterogeneities. Possible inactivity of the biomolecules can also contribute to both types of hetero-
geneities. Source image: SuperCol, 2019
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But even for monodisperse particles, there is still some particle to particle variation expected. We
can regard binding of the bio-active molecules as a Poisson process (meaning there is an average
binding rate, but binding event number 1 does not influence the waiting time to binding event
number 2 and so on), hence we expect particle-to-particle variations governed by Poisson statistics.
A study on nanorods functionalized with single stranded DNA (ssDNA) found particle-to-particle
variations in number of biomolecules beyond what is expected from Poisson statistics and/or size
dispersion of the particles. This observation was attributed to variations in surface charge of the
particles [5]. Also intra-particle heterogeneities can occur; the biomolecules can be distributed on
the particle in patches, or, when coating with two or more different biomolecules, we can arrive
at binary distributions of the different molecules. Furthermore, as the bottom row in figure 1.2
shows, some of the biomolecules can also be inactive, meaning that they can’t bind the target,
which can, for example, be caused by the wrong orientation on the particle.This can also contribute
to particle-to-particle and intra-particle variations. Hence being able to characterize nanoparticles
at the single particle level is a key step towards robust nanocarrier and biosensor design. However,
since it is already challenging to observe the nanoparticles due to their small size, how can we
characterize their coating consisting of the even smaller biomolecules?

1.2 Nano particle characterization

The past decades the toolbox of nanoparticle characterization methods has been greatly expanded.
One of the most commonly used methods is dynamic light scattering to measure the distribution
of particle sizes in a colloidal suspension [6][7][8]. Another frequently used technique is differen-
tial centrifugal sedimentation to establish particle size [7][9][10]. And for metallic nanopartilces,
adsorption spectroscopy can be used to derive an average surface coverage of the nano parti-
cle [6][9][10]. The average charge of particles can be studied using zeta-potential measurement
[6][7][8]. Although the techniques to determine size or charge of a particle can be used to estimate
the average number of biomolecules on the functionalized particle, it does not give information on

Figure 1.3: a) Transmission electron microscopy image of a nanoparticle with immunogold labels from
Dawson et al [14]. b) Counting photobleaching steps of fluorescent labels. The top left image shows the
weak intrinsic photo luminescence of the uncoated gold nanorod, with a scanning electron microscopy images
inset (scale bar, 50 nm). The middle image shows the fluorescence from the labelled bovine serum albumin
(BSA). The top right image shows the overlay of the positions from the particles and the labels (scale bar 500
nm). The bottom image shows the fluorescent time trace of a selected region of interest and the identified
photo bleaching steps. Source: Dominguez-Medina et al [15]. c) The top and bottom left images shows
the image of fluorescently labelled particles by conventional wide-field microscopy and STORM respectively,
scale bar 400 nm. The right images show the reconstruction of different nanoparticles (green) and their
protein corona (red). Source: Feiner-Gracia [21].
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the number of molecules that are active. Several approaches using fluorescent label which are first
attached to the functional sites and then stripped off and measured, provide some hint about the
number of active binding sites [11][12][13]. Often multiple techniques are combined for the best
result. But the information that is really missing is the particle-to-particle heterogeneity, since all
the above mentioned techniques are ensemble averaged.

Techniques with single nanoparticle resolution such as electron microscopy (EM) do give infor-
mation on the individual nanoparticles, but lack the contrast needed to see individual biomolecules.
The cause of the low contrast is that biomaterial consists primarily out of elements with low atomic
number which have fewer interactions with the electron beam. Dawson and co-workers [14] found
an innovative way to circumvent this by attaching metallic nanoparticles to the protein of interest
and visualize the result with electron microscopy, see figure 1.3a. This technique allows studying
of distribution of the proteins over the particles and the number of proteins per particle. However,
this technique requires complex instrumentation and is not suitable for in situ studies.

Besides EM, optical techniques have enriched the field of single particle observation, often by
using fluorescent labels. A fluorescent label, also called fluorophore or dye, is a molecule that can
emit a photon, if it is excited by light with the right wavelength. An example of such a method
is counting photobleaching steps of the fluorescent labels, i.e. the dye becoming permanently
non-emissive [15][16], see figure 1.3b. In this technique the biomolecules on a nanoparticle are
fluorescently labelled and observed in a microscope. Then the laser is turned on and the fluo-
rophores on the particle bleach one by one (ideally). The number of photobleaching steps of a
selected region of interest (ROI) is a measure for the number of biomolecules. The pitfall of this
method is the identification of the photobleaching steps, which becomes difficult when there are
many biomolecules present on a particle. Every fluorophore adds a certain Poissonian noise to
the total signal, and with many contributions it becomes difficult to identify photobleaching steps
from variations in intensity due to the noise.

In 2006 a new optical approach was introduced, a type of super resolution (SR) technique
which we now know by the name of stochastic optical reconstruction microscopy (STORM) [17],
based on the principle of single molecule localization. In this type of super resolution microscopy
fluorescent labels are attached to the structure and the essence of the technique is switching the
labels between fluorescent and non-emissive states. This switching is s achieved by using specific
buffers. A single fluorophore can be considered as a point source. In a microscope, the image of this
single fluorophore will look like figure 1.4a. We know that the point spread function, that is the

Figure 1.4: Principle of single molecule localization. a) The image of a single fluorophore by a microscope
with spherical aperture. b) A Gaussian fit, is fitted to the image. c) The centre of the Gaussian gives the
location of the fluorophore, typically with 20 nm precision in STORM. This is much higher than can be
achieved with conventional optical microscopy which is limited by the Abe diffraction limit. Source: Jiminez
[18].
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Figure 1.5: Principle of super resolution microscopy compared to conventional microscopy. Several frames
are recorded and the intensity bursts in each frame are fitted as described in figure 1.4. Combining the
fitted locations from 1000 frames results in final super resolution (SR) image, which shows details that are
impossible to observe with conventional microscopy. Source: Sengupta et al [19].

response of an optical system to a point source, can be reasonably well described with a Gaussian.
Hence, a 2D Gaussian is fitted to the image and the centre of this Gaussian gives the location
of the fluorophore with a precision typically around 20 nm in STORM. Hereby STORM bypasses
the Abbe diffraction limit restricting conventional optical microscopy. In techniques making use of
single molecule localization like STORM, it is of the essence that, per diffraction limited spot, only
one fluorophore emits per time, hence the need for photoswitchable labels. If the structure is then
imaged over time, the localizations of all the frames can be combined to make a reconstruction of
the imaged object, such as is demonstrated in figure 1.5. The super resolution image shows details
that are impossible to resolve with conventional microscopy.

This technique has been applied to nanoparticles functionalized with fluorescently labelled
biomolecules to map the spatial distribution of the biomolecules over the particles, thereby demon-
strating heterogeneity of functionalized particles[20]. When combined with a reference measure-
ment to establish the number of localizations per fluorophore STORM can even be used to count
the number of biomolecules attached to particles [21][22], see figure 1.3c. However, this strategy
is challenging and is limited by effects such as photobleaching.
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Figure 1.6: a) Concept of DNA-PAINT; imager strands bind transiently to the docking strand attached to
the structure of interest. The bound imagers is momentarily immobilized and contribute many photons to
the signal in a certain ROI, which can be seen as a ’binding event’ in the intensity versus time trace. b) All
localizations in time combined form a reconstruction of the structure, which in this case are DNA-origami
grids with twelve docking strands. Scale bar: 100 nm. Source: Jungmann et al [24].

1.3 DNA-PAINT

A leap forward in super-resolution microscopy was presented by Jungmann et al in 2010 [23], in
which the fluorescent labels are no longer conjugated to a structure of interest. Instead the dyes are
attached to DNA oligonucleotides (short DNA fragments) which transiently bind to complementary
oligonucleotides conjugated to the structure of interest. This is illustrated schematically in figure
figure 1.6. The freely diffusing DNA with the dye is called an imager strand and the DNA on
the strucure is called a docking strands. The group called this technique points accumulation for
imaging in nanoscale topography, in short (DNA-)PAINT. In this technique it is not necessary to
switch the fluorophores between fluorescent and non-emisseve states as in STORM since the desired
’blinking’ behaviour necessary for single molecule localization is naturally achieved by binding and
unbinding of the imager strand. This is achieved because only a bound imager strand results in a
bright spot in the image. The microscope in DNA-PAINT is operated in total internal reflection
(TIR) modus, which results in a localized electromagnetic field, called an evanescent field, near the
sample surface (more on this can be found in section 5.1.2). This is precisely where the structure of
interest is located. This evanescent field is strongest close to the surface and decays in strength as
the distance from the surface increases. Only imagers entering this region are excited and fluoresce.
The freely diffusing imager strands move at a very high speed and therefore the photons they emit
are smeared out over many pixels, whereas for bound imager strands, the camera accumulates a
lot of photons locally and this is seen in the image as a bright spot, similar to the image shown
in figure 1.4a. Analogous to STORM, in DNA-PAINT single molecule localization can also be
achieved by fitting the images with a Gaussian. And again, by measuring a sample for a prolonged
time and combining all the localizations, it is possible to make a reconstruction of the imaged
structure, an example is shown figure 1.6b, which shows the reconstruction of DNA-origami.

DNA-PAINT has a few major advantages over other super resolution techniques like STORM.
Because the imaging buffer contains the freely diffusing imager stands, serving as a reservoir which
constantly replenishing the labelled imager strands, DNA-PAINT does not suffer from photobleach-
ing or inactive fluorophores. Also, by exploiting the properties of DNA, the binding kinetics of the
imager and docking strand can be easily tuned. DNA is a well studied and controllable molecule,
which allows tuning of the binding kinetics by varying the complementary sequence of the imager
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and docking strand, by varying the length, sequence or CG content. Tuning the binding kinetics
gives a lot of freedom in design of experiments.

DNA-PAINT has been applied to acquire images of biological structures with a resolution of
5-10 nm. If the docking stands in a sample are closer together than this and we try to make the
reconstruction, localizations originating from different docking site start to overlap and we cannot
reliably visually count the number of binding sites anymore. But even for such dense coatings, the
raw data can still provide insight into the number of docking sites within an ROI by a completely
different way of data analysis. How this works, is introduced in the next section.

1.4 qPAINT

In 2016 Jungmann et al introduced quantitative PAINT; qPAINT [25]. In this approach DNA-
PAINT data is used to count the number of docking sites in a certain ROI, by analysing intensity
versus time traces as shown in figure 1.6a and exploiting the knowledge of the binding kinetics.
Let’s first introduce some terms: the duration of the ’on’-time in time trace of figure 1.6a is
called the bright time (τb) and the duration of the ’off’-time is called a dark time (τd). This is
also illustrated in figure 1.7 b. Binding and unbinding of an imager strand are both thermally
activated processes that occur randomized in time. For such Poisson processes the probability of
finding a certain dark or bright time is exponentially distributed. The mean bright time can be
easily computed from the dissociation rate (koff ) according to

τb =
1

koff
. (1.1)

Figure 1.7: a) Schematic representation of DNA-origami structures with 12 and 42 binding sites and b)
their corresponding time traces when subject to the same imager strand concentration; structures with 12
binding sites exhibit a lower event frequency than structures with 42 binding sites. The effect is that the
dark times, the waiting time between two events, for 42 binding sites (τd2) are shorter than for 12 binding
sites (τd1). c) By fitting the cumulative distribution function of the dark times with function 1.5, a mean
dark time can be extracted. The graph clearly shows the mean dark of for the structure with 42 binding
sites is shorter than the mean dark time of the structure with 12 bindingsites. This illustrates that the
mean dark time can be used as a measure for the number of binding sites, which is quantified in equation
1.4. Image source: Jungmann et al [24].
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The mean dark time for one binding site can be easily computed from the association rate (kon)
and the imager concentration (C), according to

τd =
1

konC
. (1.2)

The more binding sites (Nb) a structure contains, the higher the frequency of binding events,
hence the shorter the mean dark time (τ∗d ), as is illustrated in figure 1.7. This relation is captured
quantitatively in the following equation;

τ∗d =
1

Nb

1

τd
. (1.3)

Hence, for a specific sample, if we measure the mean dark time and know the concentration
and association rate, we can compute the number of binding sites by rewriting equation 1.3 and
substituting equation 1.2, according to

N∗b =
1

konCτ∗d
. (1.4)

We have used the asterisk here to specify that it concerns an estimated number of binding sites
based on a measured value for the mean dark time.

In practice, we measure a intensity versus time trace of a selected ROI. A series of frames with
high intensity is considered a bright time and a series with low intensity a dark time. Once we
have identified all dark times in the time trace, we can visually represent the result in a cumulative
distribution plot. Figure 1.7 c shows two examples of the cumulative distributions of dark times.
We know that the dark times are exponentially distributed, thus the cumulative distribution can
be fitted with

P = 1− e(−τd/τ∗
d ), (1.5)

with P being the probability. The fit gives a value for the mean dark time and as we have seen in
equation 1.4, this is a measure for the number of binding sites.

The group of Jungmann demonstrated their technique on a model system of DNA-origami, but
other groups have applied qPAINT also on different types of nanoparticles[26][27].

Hence the information we need to compute the number of binding sites is stored in the mean
dark time duration, although one could argue that the binding frequency is an equivalent source
of information. We can easily compute the expected binding frequency per binding site for a total
measurement time T according to

f =
1

τb + τd
, (1.6)

in which τb and τd can be computed from equation 1.1 and 1.2 respectively. Again, the more
docking sites a particle contains, we expect to find a proportionally higher total binding frequency
(F ). Hence in theory we can compute the number of binding sites via

N∗b =
F

f
. (1.7)
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1.5 Research questions

DNA-PAINT was introduced as a super resolution microscopy technique but with a different anal-
ysis strategy, termed qPAINT, turned out to have a reach beyond its initial purpose. qPAINT is
able to compute the number of binding sites on a structure by analysing its intensity versus time
trace. This report is centred around the the following question:

With which precision and accuracy can qPAINT be used to compute the number of binding sites
on nanoparticles?

To arrive at an answer to this question both simulations and experiments are used. In silico
analysis offers many advantages, for example, studying the technique in limits which are experi-
mentally infeasible, such as extremely long measurement times. Another benefit is that simulations
offer comparison to ground truth data, allowing us to study accuracy, which cannot be studied in
the experiments performed for this thesis. Furthermore, simulations allow systematically varying
parameters, even parameters that are experimentally difficult to vary when if we, for example,
are restricted to one set or a few sets of imager and docking strand. Chapter 2 described how
the simulation data is generated. In chapter 3 an overview of the performance and limitations of
qPAINT is given when applied to the simulated data.

However, the limitations of qPAINT a series of recent publications, prompted us to investigate
another quantitative analysis method for DNA-PAINT data, called fluorescence correlation spec-
troscopy (FCS). This extends the scope of our research and adds the following research question:

With which precision and accuracy can FCS be used to compute the number of binding sites on
nanoparticles?

The theory behind the technique is introduced and studied in silico in chapter 4.
Finally in chapter 5, we discuss the DNA-PAINT experiments on nanoparticles and the results

retrieved by data analysis with both techniques. The report finishes with the discussion and
conclusion in chapter 6, comparing both techniques and suggestions for further research.
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Chapter 2

In silico DNA-PAINT

Studying experiments via simulations has many benefits, such as allowing the systematic study
of a wide range of experimental parameters with relatively little effort. Also, we can study the
technique in extreme limits. And possibly most importantly, in simulations we have ground truth
data, which allows us to study accuracy.

Jungman and colleagues have developed a simulation tool to generate DNA-PAINT data, called
Picasso which is described in a 2017 Nature methods publication [24] and freely available via

Figure 2.1: If, at a certain time, an imager strand is bound to the particle, and we take an image of it,
many photons are accumulated originating from one position and the result is a bright spot against a dark
background as is shown for t = 105. The average intensity value of the pixels in the ROI will be high and
the intensity value corresponding to t = 105 in the intensity versus time trace is high. If the imager strand
is diffusing freely through the sample, such as at t = 380, it moves at very high speed, hence there is no local
photon accumulation. The average intensity value of the pixels in the ROI will be low and the intensity
value corresponding to t = 380 in the intensity versus time trace low. Scale bar: 250 nm, fluorophore not
to scale.
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Gitbuh. Picasso simulates videos, with blinking bright spots against a dark background. Processing
of this data allows reconstruction of a super resolution image. But as qPAINT is not a strategy to
analyse the actual images, a computationally less intensive simulation method is chosen, namely
simulating just the time versus intensity traces in Matlab. This means that we only need a time
coordinate and no longer need space coordinates. This does however come at the cost of loss
of spatial information. Another advantage of custom made model, is that we can set all the
parameters to match our experimental data.

Figure 2.1 shows how to interpret a time versus intensity trace qualitatively. When an imager
strand binds to a docking strand, such as at t = 105, it is immobilized. Because it is close to the
sample surface where the electromagnetic field is high, it is excited and emits photons. If we take
an image of this immobilized fluorophore, the result will look like a bright spot against a dark
background. If we compute the average pixel intensity of the image, the intensity will be high and
in the time trace the intensity value corresponding to this time will be high. When the imager
strand unbinds from the docking strand, it can diffuse freely through the sample and due to its
small size, the diffusion is fast. Remember that there is only a electromagnatic field close to the
sample surface, so the freely diffusion imager strand moves either too far from the sample surface
to get excited or moves out of the region of interest (ROI). And in the case that it does quickly
traverse the ROI, it moves at such a high speed that it only contributes very little photons per
pixel to the image. Thus when there is no imager strand bound to the particle, we don’t observe
a bright spot in the image and the average pixel intensity will be low, such as at t = 380.

Now that we have a qualitative understanding of time versus intensity traces, we can turn to
the quantitative time traces created by our model.
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Figure 2.2: Schematic overview of the work flow of the generation of a DNA-PAINT time trace. On the
left all the parameters and their units ate listed and the right list contains their default values. Based
on the input parameters, a time trace is created for each binding site independently. The time trace
has exponentially distributed bright and dark times. Each event is assigned an intensity from a log-normal
distribution with width σi, and the mean of this distribution is proportional to the laser power and inversely
proportional to the camera frequency. Subsequently a background time trace is created with for each frame a
random intensity from a Gaussian distribution. The higher the imager strand concentration, laser power,
the higher the standard deviation of this distribution. The higher the camera frequency, the lower the
standard deviation. Finally, the time traces from all the individual binding sites and the background time
trace are summed to obtain the total time trace.

2.1 Simulating time versus intensity traces

First we explain the work flow of the model and explain the input parameters along the way and
then motivate the values of the parameters used. A schematic overview of the model is shown in
figure 2.2.

The model simulates time versus intensity traces of a certain duration (T ) for a single particle
centred in an ROI of 8x8 pixels (1 µm2). All intensity values are pixel averages, thus the total
intensity of the ROI would be 64x higher than the absolute values provided here. The particle in
the ROI has a specified number of binding sites (Nb). Transiently the imager strands bind to the
docking strands and this results in intensity bursts in the time trace. Time traces with intensity
bursts are generated for each binding site individually. The model starts with computing the mean
dark time from the association constant (kon) and imager strand concentration (C) according to
equation 1.2. In a similar way the mean bright time is computed from the dissociation constant
(koff ) according to equation 1.1. Using the built-in Matlab command exprnd, lists of exponentially
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distributed random bright and dark times are generated based on the computed the computed mean
bright and dark time. These random bright and dark times are pasted one after another. Matlab
specifies the values down to one tenth of a millisecond. In real experiments, time is continuous
and to approach this, the model first creates a time trace with a sampling frequency such that
the shortest of either the bright or dark time takes up 100 ’time steps’. For each time step it is
checked whether this time step falls within a dark time; the time steps is assigned zero intensity.
If the time step falls within a bright time, a non-zero intensity is assigned to the time step. How
the intensity values are decided is described in the next paragraph.

2.1.1 Event intensities

From experimental data, we know that the intensity varies from event to event. A large set of
intensities from many particles combined demonstrates a distribution which can be approximated
with a log-normal, as is shown in figure 2.3. The distribution is not uniform, because the particle
has a height and binding sites located further away from the flow cell surface are subject to a
weaker evanescent filed. Also, the photon adsorption and emission rates are not constant but
follow Poisson statistics, known as photonic noise. On top of that, the chemical environment
from binding site to binding site may vary, for example by surface charge inhomogeneities on the
particles or glass slide. The combination of all these effect seem to give rise to the log-normal
distribution, which is often used to describe natural phenomena and is reported in literature for
single molecule fluorescence bursts [28]. Hence, the intensities per event were drawn from a list
with random numbers according to a log-normal distribution. As the laser power increases, the
peak of the distribution shifts to the right, to higher values. In the simulation we have used the
following simple relation for the mean of the logarithmic values of the distribution:

µi = log(Pl), (2.1)

which is not a perfect match with our experimental findings, but we sacrificed that here in order
to fulfil the constraint that the mean signal increases linearly with the laser power. The standard
deviation of the log normally distributed intensities (σi) was found to be fairly constant upon

Figure 2.3: Intensity distribution at a laser power of 12 mW acquired at 10 Hz with a log-normal fit (red).
For increasing laser power, the peak in the distribution shifts to the right. The values on the horizontal
axis are the average pixel values of an 8x8 pixel ROI.
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Figure 2.4: In blue the first 250 s of a background free, total time trace is shown. The time trace was
generated for a particle with 20 binding sites subject to an imager concentration of 5 nM, for good visual-
ization. All other parameters are default settings according to figure 2.2 The contribution from one single
binding site is shown in red.

increasing laser power. With the built-in Matlab command lognrnd a list of random intensities from
a log-normal distribution is drawn, based on µi and σi. Hence, since the mean of the logarithmic
values scales with the logarithm of the laser power, the mean of the intensities is proportional to
the laser power. The experimental data used to derive an expression for this relation was acquired
at a camera frequency of 10 Hz, but the time trace in which we need to assign the intensity values
has a much higher frequency. Therefore, for each time step in an event, we assigned the intensity
corrected by a factor 10 over the sampling frequency. This is done, because the next step in the
model is binning the time trace to the camera frequency (fc). If the sampling frequency is, for
example, 100 Hz and the camera frequency is 10 Hz, then the values of ten frames from the high
frequency time trace are summed to result in the binned time trace. In this way we can account for
events that start during a frame: the frame will now only have part of the peak intensity. Finally
we add Poissonian noise to the frames, to represent shot noise.

The time trace we have now generated for the first binding site is, in fact, slightly longer than
the input value (T ). This is done because we start every time trace with a dark time. In real
experiments, the start time of the measurement is arbitrary, thus to approach this, we remove the
first part of the time trace (which is five times the sum of the mean dark and bright time). The
result is a time trace with duration T for one binding site.

For each binding site on the particle we independently generate a time trace as is described
above. All the time traces from the individual binding sites are then added to arrive at a summed
time trace, such as is shown in figure 2.4. In red the time trace of a single binding site is shown
and in blue the total time trace of the 20 binding sites.

2.1.2 Adding background

Besides the intensity bursts from the bound imager strands, in real experiments there is also a
contribution of the freely diffusing imager strands moving near the sample surface, hence entering
the region with the electromagnetic field. As we have seen they move with very high speeds and
we cannot see traces from individual imager strands, but all traces combined, we do arrive at
a contributeion to the average background intensity of the time versus intensity trace. For the
background we expect to have Poissonian distributed values per pixel, because the main source in
frame-to-frame variation would be the Poisson statistics of the incoming photons onto the detector.
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Figure 2.5: a) shows a background image showing inhomogeneities in intensity, possibly caused by imager
strand concentration fluctuations. The 8x8 pixel ROI size used throughout this report is shown in red. b)
Shows the discrepancy between the measured background values for a sample with 10 nM imager strand, 62
mW laser power, acquired at 10 Hz and the expected spread based on the mean of 8x8 Poissonian random
distributed values.

Figure 2.6: a) shows the relation between the mean background intensity (µb) and laser power, for different
imager concentrations. The error bars represent the standard deviation (σb) of the intensity distribution
found per data point. All fits are linear and intersect the vertical axis at 400, since this was the camera
baseline for the microscope used for the measurements. b Shows the relation between the slopes found in
a as a function of imager concentration. c) Shows a linear relation between the mean of the intensity
distribution (µb) and its width (σb).

A large set of experimental conditions have been analysed, but none of the results matched with
the Poisson statistics. Take for example the measured distribution of the average intensity of
8x8 pixels (red) and the expected distribution based on a the mean of 64 Poissonian distributed
random values (blue) as is shown in figure 2.5b. We hypothesize that the larger width of the found
distribution compared to the theoretical distribution comes from rapid concentration fluctuations
due to freely diffusing imager strands, see for example the background image in figure 2.5a.

The distributions that we find can be well described with Gaussians and therefore that will be
the distribution we will incorporate in our model. Measurements of a 8x8 pixel ROI under different
circumstances resulted in the relations shown in figure 2.6.

For several imager strand concentrations we found the background intensity to be linearly
increasing with the laser power. From the camera specifications we know that the camera baseline
is 400 and therefore all linear fits intersect with the vertical axis at this value. When we plot the
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Figure 2.7: Example of a total time trace for our default parameters.

slopes found in figure 2.6a as a function of imager strand concentration, we find yet another linear
relation. Since the relations have only been studied for data acquired at 10 Hz, we need to correct
for different camera frequencies. For this we reason that the camera baseline is not influence by
camera frequency, but the laser power and concentration dependent part is. We expect a linear
dependence here, since in half the time we will collect half the photons. Combined, we this gives
us the following expression for the mean background intensity level:

µb = 400 + Pl (5.1e8 C + 0.79)(10/fc), (2.2)

which serves as the mean for the Gaussian distribution of which the random intensity values are
generated. Because there is a linear relationship between the mean background intensity and the
width of the background intensity distribution, as is illustrated in figure 2.6c, we implement the
following standard deviation for background intensities in the simulation:

σb = −11.8 + 0.031µb. (2.3)

The baseline of 400 in the expression of (µb) secures that the standard deviation always has a
positive value.

With these expressions for the mean and width of the background intensity distribution, we
can use the built-in Matlab command normrnd to create a list of Gaussian distributed background
intensities. This list has the length of the total number of frames (T ∗ fc) the measurement spans.

Now all that is left to do is to add the time traces with the intensity bursts from the binding
sites and the background time trace and we arrive at the total time trace, such as is shown for our
default parameters in figure 2.7, albeit the imager strand concentration is slightly lower.

If, unlike the example time trace, the imager strand concentration and laser power are very
high, for example 1000 nM and 100 mW, the camera pixels can become saturated and when that
happens, the intensity value of the frame is set to 216.
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2.2 Motivation default values

We have seen how the input parameters are used in the model, it is time to motivate the choices
for their absolute default values.

The association rate (kon) determines the binding frequency per imager concentration. In early
DNA-PAINT publications this parameters was found to be fairly insensitive to temperature changes
between 14-24◦C [23]. In a later publication dependencies DNA-sequence and buffer composition
were found [29]. If the imager and docking strands could have potential self interactions this lead
to a decrease in association rate. Furthermore, the higher the magnesium concentration in the
buffer, the higher the association rate. Since it is experimentally very challenging to determine
the association rate, for our simulations, we selected a value reported in literature [23] for a
comparable combination of imager and docking strand (same length and CG content) in a buffer
similar to what we plan to use in the experiments. Hence the default value used throughout the
simulations is kon = 2.3e6M−1s−1. Although this value might be off in our experiments, which are
performed at 30◦C and on particles instead of DNA-origami, it does not affect our the conclusions
of our simulations. It can, however, potentially make direct comparison between simulation and
experimental results difficult.

The dissociation rate (koff ) is directly proportional to the mean bright time, the time the
imager binds to the docking strand. Physically this parameter is influenced by the number of
complementary nucleotides between the imager and docking strand and their CG content. The
more complementary nucleotides and the higher the CG content, the more hydrogen bridges need
to be broken for the imager strand to release. However, a higher temperature helps overcome this
energy barrier [30]. Furthermore, the buffer composition influences the dissociation rate, as cations
in solution have a stabilizing effect on DNA duplexes [31]. Because of the temperature dependence
of the dissociation constant and because the dissociation rate is easily determined experimentally,
we set the default value to koff = 0.5 s−1, which was established experimentally for the chosen
imager and docking strand combination.

The imager strand concentration is varied in many simulations, since it controls the number
of binding events per measurement. But in simulations in which we investigated the influence of
other parameters, the default imager strand concentration was set to 1 nM.

For most simulations we set the measurement time to 5000 s, which is close to 1.5 hours. In this
time span, for a large concentration range, several binding events per time versus trace take place.
In the analysis, the first and last dark or bright time are omitted since we only know part of their
duration. For time traces will only little events this can introduce large variations in outcome.
Hence, to be on the save site, we have chosen a long measurement time.

The default setting for the of binding sites, 200, is a bit arbitrary but roughly based on number
of binding sites found by by Delcanale et al [?]. Choosing a very large number of binding sites
would increase computation time, since a time trace needs to be created for every binding site,
but choosing a very low number of binding sites would require the use of very high concentration
to arrive at a decent binding frequency. Also, experimentally functionalizing particles with very
little binding sites is challenging.

The camera frequency is set by default to 10 Hz, which a bit arbitrary, but it is often used
in literature [25][26]. Choosing a higher camera frequency would mean that for each frame with
an event, the event intensity is proportionally lower and when the event intensity is too low, it is
difficult to distinguish it from fluctuations in the background intensity. Choosing a lower camera
frequency would come at the cost of temporal resolution of the time trace. Since we can only
determine the duration of the bright and dark times as multiples of the camera integration time,
hence for a low camera frequency we can’t accurately define short bright and dark times.

The laser power (Pl) is experimentally the instrument to improve signal to noise ratio (SNR).
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Figure 2.8: Theoretical signal to noise ratio for an imager strand concentration of 1 nM and a camera
frequency of 10 Hz.

Quantitatively SNR is defined as:

SNR =
〈I〉
σb
, (2.4)

with 〈I〉 the average event intensity and σb the standard deviation of the background time trace,
as defined in equation 2.3. When we refer to SNR in the remainder of this report, we always mean
the SNR occording to this definition. Signal to noise ratio is important because the higher it is, the
better we can distinguish signal and noise. SNR in our model as function of laser power, based on
equations 2.1 and 2.3 is shown in figure 2.8. The figures shows that the SNR has almost reached
a plateau for this laser power. If we would increase the laser power, we would hardly improve
our SNR, but we would reach the camera saturation point for lower imager strand concentrations.
Hence the default value for the laser power is set to 30 mW.

Finally, the default value for the width of the event intensity distribution σi = 0.73. This was
found experimentally for the combination of our particles, microscope and fluorophore. As was
stated before, the width does not show any dependency on the laser power, hence this parameter
is a constant input parameters. However, for several simulations, we set this parameter to 0, in
order to arrive at a uniform intensity distribution as was discussed in the previous section.
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Chapter 3

Quantitative PAINT (qPAINT)
performance

In this chapter we will evaluate the performance of qPAINT when applied to simulated time traces.
In qPAINT, key to data analysis is setting a threshold to separate frames with events from frames
without events. This allows us extract a list of dark times from the time trace. For an infinitely
long measurement, we expect the dark times in this list to be exponentially distributed, because
binding of the imager strand is a Poisson point process and hence its probability distribution is
exponential. Fitting the cumulative distribution of dark times with equation 1.5, as is illustrated
in figure 1.7 gives a mean dark time (τ∗d ). This can be used to compute the number of binding
sites according to equation 1.4 or via the total binding frequency via equation 1.7.

However, cannot measure or simulate infinitely long time traces. Therefore the time traces we
study are only a glimpse of the infinite time trace. Thus if we record a time trace from the same
particle twice for a certain time T, the extracted lists of dark times will be different because the
dark times are randomized in time. The two measurement might result in a different estimate for
the number of binding sites. Still, the longer we measure, or in other words, the more dark times
we acquire, the better the statistics are and the better our distribution approaches the distribution
of an infinite time trace. Thus the lower the variation in outcome of the two time traces will be.

Hence if we do many measurements, all results will vary slightly and we end up with a dis-
tribution of the number of binding sites. If we would perform very short measurements with low
imager strand concentration, our statistics is very low, and the distribution of results will be broad.
But if we do very long measurements and choose our imager strand concentration wisely (more on
this at the end of this section), we gather much more statistics and the distribution of the result-
ing number of binding sites will be much narrower. The width of such a distribution of results is
closely related to the term ’precision’. The higher the precision, the lower the variation in resulting
number of binding sites. Formally, counting precision for qPAINT as defined by Jungmann et al
[25] is

precision = 1− CV = 1−
σN∗

b

N∗b
, (3.1)

in which CV stands for coefficient of variation and is equal to the standard deviation (σN∗
b
) over

the mean (N∗b ) of the distribution.
However, precision is not the sole important parameter in characterizing the performance of

qPAINT, the value of the mean of the distribution of the number of binding sites is also important.
We want the mean to be close to the true number of binding sites. This is characterized by the
term ’accuracy’. The closer the mean of the distribution of results is to the true number of binding
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Figure 3.1: Illustration of the concept of precision and accuracy. The left figure shows a very narrow
distribution, hence precise, around a false value, hence not accurate. The middle figure shows a wide
distribution, hence not precise, around the true value, hence accurate. The right figure shows a narrow
distribution, hence precise, around the true value, hence accurate.

sites, the higher the accuracy. In this report we have calculated accuracy as

accuracy =
(Nb −∆N∗b )

Nb
(3.2)

in which Nb is the true number of binding sites and ∆Nb the deviation of the average of the
distribution from the true number of binding sites. Low accuracy can be an indication of a
systematic error.

The concepts of precision and accuracy are summarized in figure 3.1. If we measure a narrow
distribution of number of binding sites with a mean value which deviates significantly from the
true number of binding sites, the measurement is precise but not accurate. This can be caused by
systematic over- or under counting. If we measure a broad distribution around the true value, the
measurement is accurate but not precise. In real experiments this would mean that we need many
measurements in order to arrive at a reasonable estimate of the value. Lastly, if we measure a
narrow distribution around the true value, the measurement is accurate and precise. This is what
we aim to achieve in qPAINT.

Now that we have an understanding of precision and accuracy, we can evaluate the performance
of qPAINT based on this, following the performance analysis by Horacek et al [27]. We will do
so first for background free time traces, because for these time traces the choice for a threshold is
evident; all non-zero valued frames have events. These background free time traces allows us to
study qPAINT without having to concern ourselves with imperfect event detection. And thus the
precision and accuracy we find reflect the theoretical performance of the technique. Then we add
the background time trace and evaluate the performance again. The outcome of this analysis is
very specific to our system and merely give an insight on what the performance of qPAINT could
be on a real system, but the results are not generalizable for all real qPAINT experiments. All
data points shown in the results of this chapter are based on 100 independent simulations.
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Figure 3.2: a) First 500 s of the generated time trace for a particle with one binding site for a concentration
of 20 nM. b) Distribution of the generated dark times with a mean dark time of 21.1 s. c) Distribution of
analysed dark times with a mean dark time of 21.0 s.

3.1 qPAINT performance on simulations without background

In a background free time trace, all frames with a value of zero belong to a dark time. By analysing
series of frames with zero intensity, we can extract a list of dark times for a certain time trace. If
the first part and/or last part of the time trace is a dark time, these are removed from the list,
since it is likely that the dark time extends beyond the recording time. This does introduce a slight
boundary effect, which is minimized by choosing a long measurement time, our default value is
nearly ninety minutes, as was discussed in section 2.3.

From the total number of extracted dark times, we can also find the total binding frequency
(F ) by dividing it by the measurement time. This allows computation of the number of binding
sites via equation 1.7. Technically it is more correct to use the number of bright times, but since
bright and dark time alternate, there can only be a difference of one maximum, which we assume
to be irrelevant on the time scale we use.

Before we turn to the performance of the technique we first check validate the analysis script
by comparing the input and output dark times for an example time trace with one binding site,
since this is the only situation for which we can compare input and output. Figure 3.2 shows the
result of this check, and we see an difference between the input mean dark time and the output
mean dark time, which is caused by sampling in time, which can cause a systematic overestimation
of the bright time, because effectively the bright times are rounded up.

3.1.1 Double events

Before studying the precision and accuracy of qPAINT, we first need to discuss an effect that starts
to occur for particles with two or more binding sites. If we increase our number of binding sites from
one to two, it becomes possible that the particle has two imager strands bound simultaneously.
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Figure 3.3: a) Binary time traces of binding sites no 1 with 8 dark times. b) Time trace of binding site no
2 with 10 dark times. c) Combined time trace form binding site no 1 and 2, with only 15 dark times, due
to binding events happening simultaneously. d) Apparent binding frequency as a function of imager strand
concentration for our default system. Upon increasing imager strand concentration we first see an increase
in the apparent binding frequency and at 1 nM, this turns to a decrease upon increasing concentration
because there are many events happening simultaneously, masking dark times.

Since in qPAINT we only distinguish frames with or without imager strand present, we loose
information on the binding frequency when simultaneous binding occurs. Simultaneous events
are concatenated and lead to an underestimation of the number of dark times, hence the binding
frequency. This is illustrated in figure 3.3a for a particle with two time binding sites. The time
trace of the first binding site has eight dark times and the time trace of the second binding site has
ten. The combined time trace however has only fifteen dark times, hence we have lost information
on three binding events. The consequence of this is an underestimation of the number of binding
sites, when computed via equation 1.7.

But what is the influence of double events on the dark time analysis? Intuitively you might
already guess that if there are a lot of double events, you eventually reach a concentration limit
for which the particle is constantly showing events, and there are no dark times left at all. To
investigate the influence of double events on the dark times analysis, we can look at the average
number of dark times per second, the total binding frequency, over a concentration range for our
default system. The results are shown in 3.3b. For our default system, the optimal concentration,
the qPAINT sweet spot, for which the most statistics is gathered is around 1 nM (which shifts to
higher concentrations as the dissociation constant increases). For lower concentrations, we have
lower statistics because we have less events and longer dark times. For higher concentrations the
number of dark times again decreases, because of events happening simultaneously at different
binding sites.

At this qPAINT sweetspot, the ratio of τ∗d over τb computed by equations 1.3 and 1.1 respec-
tively is equal to 1. Naively, we would expect that this means that our time trace consists of dark
and bright times of 2 s each, which results in a total binding frequency of 0.25 s−1, but the peak in
figure 3.3 is clearly lower than 0.2 s−1. Because at this concentration, already many events happen
simultaneously, many bright times are concatenated and the mean bright time duration we find is
much longer (in this example a factor 1.9 longer) than expected from equation 1.1.

Hence, in general, the qPAINT sweetspot is the concentration of imager strand for which the
theoretical ratio between mean dark and bright time (koff/konCNb) equals 1. This means that
for higher dissociations rates, the sweet spot is at higher imager concentrations.
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Figure 3.4: Example of a distribution of the resulting number of binding sites of 100 simulations for an
imager strand concentration of 1 nM. The mean is 196, the undercounting is caused by dark times which
are shorter than the camera integration time. The values are normally distributed around this mean, as
the red curve illustrates.

3.1.2 Precision and accuracy

To generalize the results, from now on we will analyse precision and accuracy as function of the
ratio between the theoretical dark and bright time. To determine the precision and accuracy
for background free simulated DNA-PAINT time traces, we perform a concentration series with
concentrations ranging from 0.01 nM to 6 nM. At the concentration limits we have time traces
with on average 20 events. If we would include higher and lower concentrations, the changes of
time traces without any events increases and such time traces can’t be analysed and also cannot be
omitted without biasing the outcome of the analysis. For every concentration, 100 time traces were
generated and the list of dark times was extracted. The estimates of the number of binding sites
per time trace are computed via the mean dark time according to equation 1.4 and via the total
binding frequency according to equation 1.7. The results are normally distributed as is illustrated
in figure 3.4 for the result of analysis via the mean dark time. The precision and accuracy were
computed according to equation 3.1 and 3.2 respectively. The results are shown in figure 3.5.

The precision for both analysis via the mean dark time and total binding frequency, shown in
3.5a demonstrate the same trend; the precision is highest at the qPAINT sweetspot were statistics
is highest and increases when the τ∗d /τb = 1 increases or decreases.

The accuracy for analysis via the mean dark time, shown with the blue spheres in figure 3.5b,
is high and robust against the influence of double events. However, at low τ∗d /τb (thus at high
imager strand concentrations) the mean dark time is short and the shortest dark times are missed
because they are shorter than the camera integration time. This effect becomes more profound as
τ∗d /τb decreases, which leads to a structural overestimation of the mean dark time and therefore
structural underestimation of the number of binding sites. We call this undercounting. The
accuracy for analysis via the total binding frequency, however, shown in figure 3.5 with the red
stars, is not robust against double events at all. Already at high τ∗d /τb (thus low imager strand
concentrations) there is a slight underestimation of the number of binding sites, because the total
binding frequency is underestimated due to double events. This magnetide of this undercounting
increases as the imager strand concentration increases.

There is however one exception to the result shown in figure 3.5b, which is the analysis of a time
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Figure 3.5: a) Counting precision as function of the ratio between mean dark and theoretical bright time,
which is very similar for both computation via the mean dark time (blue spheres) and binding frequency (red
starts). At low τ∗d /τb there are many double events and dark times are missed, so the counting precision
is low. At 1:1 ratio, the precision is at its maximum, which corresponds to the earlier appointed sweet
spot of qPAINT. At higher ratio, events are sparse, statistics goes down and the precision is low. b)
Accuracy as a function of the ratio between theoretical dark and bright time. The accuracy of the analysis
via the mean dark time (blue spheres) is robust against the effect of double events, although there is a slight
overestimation of the number of binding sites at low τ∗d /τb because the dark times that are shorter than the
camera integration time are missed, leading to a decrease in accuracy. The accuracy of the analysis via the
binding frequency (red starts) is very sensitive to double events and rapidly decreases as the ratio of τ∗d /τb
decreases.

trace of a particle with only one binding sites, because no double events can take place on such
particles. For this exceptional situation, the accuracy of the analysis via the total binding frequency
will remain high up to the point that the mean dark time approaches the camera integration time,
and then underestimation starts becoming a problem, analogous to the analysis via the mean dark
time.

Both trends in accuracy and precision match very well with the simulation results found by
Horacek et al [27] and provide another check for the validity of the model.

Hence estimating the number of binding sites based on the total binding frequency is only
accurately possible for low imager strand concentration, which comes as a cost of precision. Com-
putation via the mean dark time is more promising. Therefore, from now on, we drop the analysis
via the total binding frequency.
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Figure 3.6: Time series for the qPAINT sweet spot (1:1 ratio of mean dark and bright time) for our default
system. The longer the total measurement time, the higher the precision.

Note that the results shown in figure 3.5 are specific to 5000 s measurements. Since statistics is
lower for shorter measurement times, we can also expect generally lower precisions. To investigate
the effect of the measurement time, we have run simulation for our default system for several total
measurement times. At our default imager strand concentration, 1 nM, the highest precision is
achieved within a fixed measurement time. With the requirement to have at least, on average 20
events, the shortest measurement time we simulate is 125 s. Figure 3.6 shows the result with the
independent variable being the measurement time over the theoretical dark time (which includes
an the number of binding sites). The highest precision that can be reached in a fixed measurement
time increases with measurement time. This is not surprising, because in a measurement which is
twice as long, twice as many events/dark times are collected.

For a total measurement time of 5000 s, we are well above a precision of 0.95 and therefore we
stick to this value throughout the rest of this chapter.
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Figure 3.7: Accuracy of background free qPAINT as a function of camera frequency. The quantity fctau
∗
d

is a measure for the number of frames the mean dark spans. At the qPAINT sweet spot for our system, in
which the mean dark time spans 20 frames, we have near perfect accuracy. For decreasing camera frequency
the accuracy decreases because a larger part of the dark times become shorter than the camera frequency
and are therefore missed.

After investigation of the imager strand concentration and total measurement time, the last
parameter which is easily varied experimentally is the camera integration time. We have already
seen that in the analysis of time traces with a low mean dark time, the dark times shorter than
the integration time are missed, leading to structural overestimation of the mean dark time and
underestimation of the number of binding sites. To quantify this effect for the regime in which the
mean dark time is shorter than the theoretical bright time, we have varied the camera frequency for
our default system. The result is shown in figure 3.7. The independent parameter is the product
of the camera frequency and the mean dark time, which is essentially a measure for the number
of frames the mean dark time spans. For our default system, at an imager strand concentration
of 1 nM the mean dark time spans 20 frames, for which the accuracy is near perfect. However,
as we decrease the camera frequency, we start to miss more and more short dark times and the
mean dark time is hence overestimated. This leads to undercounting. This underlines the effect
we had already found for low τ∗d /τb in figure 3.5b. In our system, for the upper imager strand
concentration limit we analyse, the value of fcτ

∗
d = 3.6, thus we can still expect a accuracy above

0.8. However, if we would change our system or the camera frequency, we should really be aware
of this effect.

Now that we have validated the kinetic model and studied its properties, we are ready to tackle
the next challenge: analysing time traces that include background noise.
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3.2 qPAINT performance under realistic conditions

To approach DNA-PAINT time versus intensity traces from experimental data better, we add a
contribution of the freely diffusing imager strands, the background time trace. The total time
traces we analyse in this section are generated as described in chapter 2. The background time
trace depends on the imager strand concentration, the laser power and the camera frequency. To
analyse the total time traces we need a way to distinguish events from background. Before we
discuss the performance of qPAINT on time traces with background, we explain how this is done.

3.2.1 Selecting a noise threshold

To analyse these time traces, we need to define an intensity threshold to compare to every frame
and identify if the intensity in the frames exceeds the noise threshold or not. We set the noise
threshold (Nt) as the mean of the background time trace (µb) plus a multiple (n) of the standard
deviation of the time trace (σb), according to;

Nt = µb + n σb. (3.3)

In the remainder of the report we will refer to n as the noise threshold factor.
If we set the noise threshold factor too low, fluctuations in background intensity will also exceed

the noise threshold. If this happens one long dark time will be split in two. The mean dark time
will be systematically underestimated and the number of binding sites overestimated. Since the
intensities of our background time trace are distributed according to a normal distribution, see for
an an example figure 3.8a, we can compute what fraction of frames we expect to exceed the noise
threshold for a certain noise threshold factor. As an example, the red region shows the portion
of intensities that exceed the noise threshold for a noise threshold factor of 2. Ideally we want
this red region to be as small as possible. However, we cannot simply choose a arbitrary high
value, because setting our noise threshold is too high, would result in missing actual events. To
investigate the lowest acceptable noise threshold factor, we derived a relation between the fraction
of background events exceeding the noise threshold as function of the noise threshold factor. The

Figure 3.8: a) Background intensity distribution, according to a normal distribution. For a noise threshold
factor of 2, the red region shows the fraction of backhround intensities that exceed the noise threshold
and thus would wrongly be identified as an event. By increasing the noise threshold factor, the red region
decreases and less frames are wrongly identified as events. b) The fraction of frames exceeding the noise
threshold as function of the noise threshold factor n.
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result is shown in figure 3.8 b. By selecting a noise threshold factor of 3.5 we will have on average
close to 12 wrongly identified frames in a time trace of 50.000 frames, and for a noise threshold
factor of 4 this value has been reduced to less than two. Which value to settle for is chosen by
the experimenter, hence this choice introduces a user bias in the results of qPAINT. We decide to
settle on n = 4 for the remainder of this chapter.

Simulations offers us the possibility to compare our result with the ground truth. Hence before
we continue to analyse the precision and accuracy of qPAINT, we zoom in on the effect of setting
a threshold on event detection. Figure 3.9 shows the first 250 s of a time trace which is generated
with our default system, but with a lower concentration (0.25 nM) to show the effect of thresholding
with only a minimal influence of double events. In this illustration we make use of binary time
traces, that is a representation of the time trace in which all frames with all frames with one or
multiple imager strands bound have a value of 1, and all other frames have a value of 0. In figure
3.9a, the true binary time trace is shown, based on the background free total time trace. In b,
the generated time versus intensity trace is shown with the corresponding threshold in red. The
extracted binary time trace after thresholding is shown in c. As we can see in the figure, there
are three low intensity events, which fluctuate around the noise threshold and are depicted with
the red ellipses in c. These low intensity events are wrongly identified as several short events, and
hence several short dark times. If this extracted binary time trace is analysed, we will find many

Figure 3.9: qPAINT analysis on time versus intensity traces from particles is complicated by low intensity
events present in the time trace. The time traces show only the first 250 s of the 5000 s time trace of
our default system subject to an imager strand concentration of 0.25 nM. a) The true binary time trace,
based on the background free time trace. b) The corresponding time versus intensity trace and the noise
threshold (for n = 4) in red. c) The extracted binary time trace. The encircled events, which are low
intensity events, are wrongly identified as several short binding events by thresholding. d) The result is a
bump in the cumulative distribution of the dark times (blue) compared to the true distribution (black) for
short dark times. The corrected cumulative dark time distributions are also shown (red for Noff = 1 and
magenta for Noff = 2
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Figure 3.10: The intensity of low intensity events fluctuates around the noise threshold. This introduces
many short dark times. If these dark times are not removed (Noff = 0), this leads to a drastic overestima-
tion of the number of binding sites (Nb∗ > Nb). For low imager strand concentration, we retrieve the best
result (Nb∗ = Nb) for a high number of off frames. However, as the imager strand concentration increases,
the time trace contains more true short dark times, which are then also removed. Therefore, as the im-
ager strand concentration increases, the optimal choice for Noff decreases. Each data point represents the
average of 100 simulations and the error bars give the standard deviation of the results.

very short dark times. This can also clearly be seen in the resulting cumulative distribution of
the dark times, shown by the blue line in figure3.9d, which deviates significantly from the true
distribution (black line). The mean dark time is underestimated and this leads to overcounting,
in this specific case, the overestimation is more than than 25%.

The strategy of Jungmann and his group to deal with this problem is to have a user defined
number of allowed ’off-frames’ (Noff ), which removes dark times that are shorter than this param-
eter. For the time trace shown in figure 3.9, we plotted the cumulative distributions of extracted
dark times for Noff = 1 in red and for Noff = 2 in magenta. If we remove all darktimes of shorter
than or equal to 2 frames, we arrive at a 99% match with the true number of binding sites.

But this is just one example, for one concentration. For time traces with a higher concentrations
we have to deal with several new effects: the mean dark time is shorter, hence by removing short
dark times we will also remove a larger fraction of the true dark times. However, there are also
more double events, for which the combined event intensity is more likely to exceed the noise
threshold. For example, for our default system nearly 25% of all frames have at least two events
for a the default imager strand concentration of 1 nM. Therefore, the effect of ignoring short dark
times is hard to predict theoretically, and we have tried to determine the effect simply by running
the simulations. The results are shown in figure 3.10. The Noff value for which the number
of binding sites computed from the corrected binary time trace (Nb∗) is closest to the number
of binding sites computed from the true binary time trace (Nb), is the optimal choice for that
concentration. We find that for 0.25 nM the best choice for Noff is 2, but for 6 nM, a value of
1 is a much better choice. For our model we could derive a relation for the optimal Noff as a
function of concentration, but we have chosen not to do so, because in real life experiments we our
systems are not as well-defined as our simulation system. Therefore a one-size-fits-all approach is
preferred. Based on the results in figure 3.10, we choose to remove all dark times of one frame for
in all our results. This will lead to a slight, systematic overestimation of the number of binding
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sites for time traces with a low imager strand concentration and an underestimation of the number
of binding sites for high imager strand concentrations, but all within 10%.

3.2.2 Precision and accuracy

Is the performance of qPAINT on simulated time traces with background (and parameters choices
of n = 4 and Noff = 1, comparable to the performance of background free qPAINT, shown in
figure 3.5?

To determine this we have followed the same simulation procedure as described in section 3.1.2.
The results are shown in figure 3.11. The precision of qPAINT on time traces with background is
very similar to the precision of background free qPAINT. For high τ∗d /τb, hence low concentrations,
precision increases with increasing concentration, because the apparent binding frequency increases
in this regime and thus we have higher statistics. The apparent binding frequency is optimal at
τ∗d /τb = 1, the qPAINT sweet spot and hence precision is highest here. As the concentration
increases further, the apparent binding frequency decreases due to the increases number of double
events, statistics goes down and the precision decreases. The accuracy qPAINT applied to time
traces with background is overall lower. For high τ∗d /τb this is caused by systematic overestimation
of the number of binding sites, because low intensity events are wrongfully classified as multiple
short binding events and thus the mean dark time is underestimated. At low τ∗d /τb, however, the
accuracy is lower because the number of binding sites is structurally underestimated, because by
removing all dark times shorter than one frame, we also remove true short dark times. Hence
the mean dark time is overestimated and the number of binding sites is underestimated. The two
data points for which accuracy of qPAINT is higher than for background free data are accidental
for our combined choice for n and Noff . In background free qPAINT, at these concentrations,
there is already some underestimation because dark times shorter than the camera integration

Figure 3.11: Performance of qPAINT on noise time traces analysed with n = 4 and Noff = 1 (dark blue
squares). For comparison the results of background free qPAINT are included (blue spheres). a) Counting
precision of qPAINT as function of the ratio between theoretical dark and bright time. The techniques shows
still the same sweet spot at τ∗d /τb = 1, where the apparent binding frequency is highest. b) Accuracy as a
function of the ratio between theoretical dark and bright time for noisy time traces. The overall accuracy
is lower, which is for high τ∗d /τb caused by systematic overestimation because of wrongly identified short
dark times in low intensity events. For high τ∗d /τb this is caused by systematic undercounting because of
removed true short dark times.
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Figure 3.12: Accuracy as function of SNR for our default system. The SNR is varied by varying the laser
power. As the SNR increases, the accuracy increases with the exception of a local dip at SNR = 9. We
hypothesize that this dip and the high accuracy for the slightly lower SNR are side effects of the combined
choice of setting a high noise threshold and ignoring all dark times shorter than one frame. The location
of the shape of the curve is however also reproduced for lower imager strand concentrations, but for higher
imager strand concentrations the dip disappears.

time are missed, but in the qPAINT on noise data we think the effect of this is countered by the
introduction of wrongly identified short dark times. Nevertheless, we achieve an accuracy of over
0.9, when the outer concentration limits are not taken into account.

The realistic model allows us to study the influence of one last parameters; the signal to noise
ratio. We investigate this for our default system by varying the laser power and analysing the
data with our default approach (n = 4 and Noff = 1). Alternatively, we could have varied the
imager strand concentration to arrive at different SNR but we want to study time traces with
similar number of binding events, thus we stick to varying the laser power. Since we start at
sub-mW laser power resulting in intensity values below one, we omit adding Poissonian noise to
the events, since this creates only integer intensity values. If our time traces would have a constant
event intensity we would find a all-or-nothing accuracy: for a SNR higher than our noise threshold
factor, we would detect all events and for a SNR lower we would detect none of the events. But
this is not the case in our data. The resulting accuracy for our model as function of SNR is
shown in figure 3.12 in which the SNR is defined as in equation 2.4. The precision is not shown
because this remained constant for varying SNR. For low SNR, we miss almost all events and we
structurally underestimate the number of binding sites. As the laser power increases and the SNR
rises, our high accuracy is restored. However, at a SNR of around 9, there seems to be a local dip.
Again we hypothesize that this dip and the unexpectedly high precision at slightly lower SNR are
side effects of the combination of setting a high noise threshold factor and ignoring all dark times
with a duration of a single frame. For lower concentrations, we reproduced the dip at the same
position, but more profoundly and for higher concentrations the dip disappeared and the accuracy
was simply rising with increasing SNR.

Can the cumulative distributions shine light on the matter of the accuracy dip? Figure 3.13
shows three cumulative distribution plots for three different SNR. For a SNR equal to 3.8, we
found a near perfect accuracy, but we can clearly see that the extracted dark time distribution
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Figure 3.13: Cumulative distribution of extracted dark times (red) for an example time trace with of our
default system with a) SNR = 3.8, b) SNR = 9 and c) SNR = 22, compared to the cumulative distribution
of true dark times (black). As the SNR increases, the extracted distribution is a better match with the true
distribution.

is quite different than the true dark time distribution. The discrepancy decreases for increasing
SNR. For our system, the mean of the extracted dark times is somehow consistently close to the
true mean dark time for our system, despite large differences in the distribution, but this is not the
case anymore for a system with, for example, a smaller event intensity distribution. Therefore we
would not assign too much value to the results shown in figure 3.12, and advise to strive to a SNR
as high as possible to facilitate event detection, such as an SNR of 20, which we find achievable
for our default parameters.

In summary, qPAINT allows the extraction of the number of binding sites on a particle. The
highest precision is achieved when the ratio between the mean dark over theoretical bright times is
one. For higher ratio, hence lower imager strand concentration, increasing the concentration will
lead to a higher binding frequency. But as the concentration increases, more and more events take
place simultaneously; bright times are concatenated and dark times are masked. If we increase
the imager strand concentration to arrive at a ratio of theoretical dark over bright time lower
than one, the apparent binding frequency starts to decrease. The upper and lower imager strand
concentration limit are determined by the number of dark times we measure on average in a
time trace. Hence, qualitatively the limits depend on the apparent binding frequency and the
total measurement time. The longer the measurement time, the higher the precision, since we
measure more dark times and statistics is higher. Over the whole accessible concentration range,
we find a high accuracy of the technique on our model system when analysed with our choices
of the noise threshold factor and the allowed number of off frames. Only for the concentration
upper and lower limit, the accuracy drops below 0.9, which is for the lower concentration limit
ascribed to structurally overestimation of the number of binding sites due to the influence of
low intensity events and for the higher concentration limit to the influence of ignoring true short
dark times. However, note that the values we find for precision and accuracy are not general to
qPAINT, because signals from different samples can, for example, have a different event intensity
distribution, and might require different choices for the noise threshold factor and the allowed
number of off frames.

34



3.3 Pitfalls of qPAINT

As we have seen, qPAINT is a powerful method, because it allows us to compute the number of
binding sites on a particle by analysing the time versus intensity trace, for which it does not matter
how densely the structure is functionalized. Hence, qPAINT offers us insights in systems for which
little alternative observation techniques exist. But there are a few pitfalls we need to keep in mind.

Firstly, before we can actually pinpoint to the right concentration, we also need to know the
kinetic constants of the system being used. The dissociation rate is easily computed via the mean
bright time according to 1.1, provided that we are in the regime with sparse events to eliminate
the effect of double events and provided that the dissociation is faster than the bleaching of the
dye. Determining the association rate is less straight-forward. Calibration of the association rate
can be done on particles with a single docking strand, but experimentally it is very challenging to
functionalize particles with only one docking strand. Because the binding of docking strands to the
particle is governed by Poisson statistics, even a mixture with the right ratio of docking strands and
particles will result in a heterogeneous set of particles. Hence we also need to take extra care that
the particle(s) selected for the calibration truly do only have one binding site. Alternatively the
association rate can be calibrated on a different sample design such as DNA-origami or coupling
single docking strands to the glass surface. However, we must be careful to generalize this result,
because the particles might provide a different charge environment than for example DNA origami,
influencing the association rate. Furthermore, if a sample with single dockings is actually achieved,
in order to limit the acquisition time, high imager concentrations are necessary, for which the signal
to noise ratio is becomes low and the result of thresholding becomes less reliable.

But also for signals with high SNR, it is safe to state that thresholding inherently poses a
challenge to qPAINT, which can be regarded as the main conclusion of this chapter. If the threshold
is set too low, fluctuations in the background will be counted as events. If the threshold is too
high, low intensity events will be missed. Setting the threshold is essentially a choice made by the
experimenter. On top of that, the experimenter has to make another choice, which is how to deal
with the low intensity events which occur in practically every time trace originating from particles.
This requires the selection of a certain number of ’off-frames’ (which can also be zero), or in other
words, a lower limit for which short dark times should be excluded from the results. This choice
means that the result of the technique is susceptible to the preference of the experimenter.

In order to circumvent the user bias and make use the information stored in the intensities,
the group of Jungmann introduced a new, thresholding free method to analyse DNA-PAINT time
traces, called fluorescence correlation spectroscopy (FCS). This method is not only able to extract
the number of binding sites but also the kinetic parameters of the system [32][34]. This technique
is introduced and studied in silico in the next chapter.
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Chapter 4

Fluorescence Correlation
Spectroscopy (FCS)

In 2018 a new method to analyse DNA-PAINT time versus intensity traces was published: flu-
orescence correlation spectroscopy (FCS) [32]. FCS analysis can be applied to several types of
experiments and it’s most well-known application is determining concentrations of freely diffusion
dyes in solution and compute their diffusion coefficients. However, it can also be applied to the
system comparable to what we have in a DNA-PAINT experiment, with transiently binding im-
ager strands to immobilized docking strands [33]. When applied to this type of system, we can,
in theory, extract the association and dissociation rate [32] and the number of binding sites in
the ROI[34]. This technique does not requite a threshold, alleviating the user bias which troubled
qPAINT. How does the performance of this approach compare to the performance of qPAINT?

In the next section we first introduce the math and assumption behind FCS. Then we asses the
performance of the technique on ideal time traces and the chapter finishes with the performance
of the technique in our realistic data.
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Figure 4.1: Illustration of the autocorrelation. Signal I(t) is shown in blue. The black line shows the
similarity between I(t) and a delay copy of itself. The larger the overlap between the original signal and its
delayed copy (overlap region shown in green), the higher the value of the the autocorrelation function G.

4.1 Theory of FCS

4.1.1 Autocorrelation function

The essence of the FCS analysis method is a mathematical tool called the auto correlation function
(ACF). The most informative definition is perhaps from Wikipedia: Autocorrelation is the correla-
tion of a signal with a delayed copy of itself as a function of delay. If a time trace is shifted in time
with, for example, the duration of one frame (the so called lag time `), then the autocorrelation
function computes the similarity between the original time trace and the shifted (or delayed) time
trace. The procedure is repeated for a lag time of two frames, then three frames and so on. This
allows us to set up the autocorrelation function as a function of the lag time. Figure 4.1 illustrates
this concept. The larger the lag time, the smaller the region with correlated values (green region)
and the smaller the value of the ACF, here depicted with the letter G. Thus the ACF is a measure
for self-similarity of a time trace.

There are some slight variations of the exact procedure to calculate the autocorrelation function
for discrete time traces in literature [35][36] (which all perform similarly provided that the time
trace is long enough), but we have chosen for the approach used by the Matlab function autocorr
which is used throughout the rest of this report. Let’s first consider for example a time trace
having N frames, with zero valued baseline. Before we can compute the autocorrelation function
of this discrete time versus trace, we need to ’pad’ it with zero valued frames after the last frame.
The autocorrelation function is then computed according to:

G(`) =

N∑
i=0

(I(i)− 〈I〉)(I(i+ `)− 〈I〉)
〈I〉2N

, (4.1)

in which 〈I〉 is the average intensity over all frames. The function of the denominator is normal-
ization, and the reason for this specific normalization will become clear in the next section. Since
i is arbitrary in real time traces, we will from now on simply use i = 0. Furthermore, by using the
definition δI = I − 〈I〉 we arrive at a more general expression for the autocorrelation function

G(`) =
〈δI(0)δI(`)〉
〈I〉2

, (4.2)

in which the brackets stand for a time averaged, which is assumed to be equal to the ensemble
average. Looking back at the computation of Matlab, note that we do need a time trace which has
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as baseline 0, because we compute the autocorrelation function for the fluctuations in intensity
δI. If we have a non-zero baseline, we under or overestimate the denominator and don’t find the
correct value og G. In real experiments, this means that for every frame the background needs to
be subtracted to arrive at a baseline fluctuating around zero, since only a slight offset can already
introduce large errors in the computed values for the autocorrelation function.

4.1.2 Information stored in autocorrelation function

In the most conventional use of FCS, the autocorrelation function is a source of valuable informa-
tion. For example, the easily computed G(0) is the inverse of the number of labelled biomolecules in
a focal volume, provided that the intensity in directly proportional to the number of biomolecules.
A quick and clear introduction to this application of FCS can be found online [36]. When applied
to DNA-PAINT time traces however, the story is a bit more complex. In contrast to the conven-
tional use of FCS, we do not look at freely diffusing molecules, but we are looking at complexes
formed between freely diffusing imager strands and immobilized docking strands on surfaces or on
immobilized particles. This is best described by the simple bimolecular reaction scheme

C +D � X, (4.3)

in which C is the freely diffusing imager, D the immobilized, unoccupied docking strand and X the
complex of an imager strand hybridized to a docking strand. For an illustration of this reaction,
see figure 4.2. The mean concentrations for this simple reaction are described by the well-known
relation:

koff
kon

=
〈C〉〈D〉
〈X〉

, (4.4)

in which koff and kon are the dissociation and association rate respectively. We can define the
correlation function by the fluctuations in the number of occupied docking strands X (which in a
later stage we assume to be proportional to the intensity) according to:

G(`) =
〈δX(0)δX(`)〉
〈X〉2

=
ΦX
〈X〉2

(4.5)

were we have introduced the concentration correlation function ΦX . With the assumption that the
diffusion dynamics in the ROI is equilibrated, the evolution of the number of complexes is given

Figure 4.2: Illustration of the reaction assumed in lbFCS. In total there are Nb docking strands, which can,
at any given time, either be in a complex with an imager (X) or be unoccupied (D). The free imager is
denoted by the symbol C. The rate of the complex formation is given by the association rate kon and the
rate at which imagers release from the docking is given by the dissociation rate koff .
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by the following differential equation:

dX

dt
= konCD − koffX (4.6)

This allows us to also find a differential equation for the concentration correlation function;

dΦX
d`

=
ΦX
dX

dX

d`
, (4.7)

with dΦX

dt = δX(0). Analogous to the definition we used for the intensity we use X = 〈X〉 + δX
and similar for D = 〈D〉+δD. Also we know that the total number of immobilized docking strands
(Nb = D + X) is constant, so we have δD = −δX. And finally we use the approximation that
C = 〈C〉 since the imager concentration is much higher than the concentrations number of docking
strands, so we regard this as constant in time. Then we arrive at the following expression;

dX

d`
= kon〈C〉(〈D〉 − δX)− koff (〈X〉+ δX). (4.8)

Using equation 4.4 we can rewrite 〈D〉 and then arrive at the expression

dX

d`
= −(kon〈C〉+ koff )δX. (4.9)

Hence finally, the differential for the concentration correlation becomes

dΦX
d`

= −(kon〈C〉 − koff )δX(`)δX(0). (4.10)

For which we are free to take the average of both sides, so that we arrive at

dΦX
d`

= −(kon〈C〉+ koff )ΦX . (4.11)

This differential has the following solution

ΦX(`) = Φ0 exp(`/τc), (4.12)

which is an exponential function with characteristic decay constant

τc = (kon〈C〉+ koff )−1 = (τ−1
d + τ−1

b )−1 (4.13)

in which we have used the definitions of the dark and bright time given in equation 1.1 and 1.2. Our
next task is to find an expression for Φ0 in equation 4.11. For ` = 0, we have ΦX(` = 0) = Φ0 =
〈δC(0)2〉, the latter quantity being known as the variance. At any given time, the immobilized
docking strand must occupy one out of two states: either free or in a complex with an imager
strand. Under the assumption that all receptors are independent of each other, this corresponds
to a binomial distribution. Such distribution describes, for example, a series of coin flips, with nf
flips and a probability P that the coin lands on heads. The variance of this distribution is given
by

σ2 = nfP (1− P ) (4.14)

For our docking-imager complex formation we can regard nf as the total number of immobilized
docking strands (our binding sites), hence Nb = 〈D〉 + 〈X〉 and the probability that a docking
strand is occupied by an imager strand is

β =
〈X〉

〈D〉+ 〈X〉
=

1

1 +
koff

kon〈C〉

=
τc
τd

(4.15)
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Now the expression that we find for Φ0 is

Φ0 = 〈X〉(1− β). (4.16)

With this, equation 4.5 becomes

G(`) =
1

〈X〉
(1− β) exp(−`/τc) (4.17)

Since we observe a fixed volume, we can also rewrite this equation as a function of the total number
of docking strands (Nb = X+D) using the expression of the occupation probability β. This finally
gives us a relation between the correlation function and the total number of docking strands;

G(`) =
1

Nb

1− β
β

exp(−`/τc). (4.18)

Hence once we have the computed the autocorrelation function of a time versus intensity trace and
fit is with equation 4.18, we can extract the number of binding sites. Also, note that the typical
correlation time stores information on the association and dissociation rate. How we can use this
information is explained in the next section.

4.1.3 Applying FCS

The experiments done by Jungmann and colleagues to demonstrate the capabilities of FCS are
outlined in figure 4.3. A sample was prepared with two types of DNA-origami immobilized on
the surface, one type with one docking strand and another type with two docking strands, as is
shown in 4.3a. From the reconstructed images, circular ROI’s were selected, shown in figure 4.3b.
For each ROI, an intensity versus time trace was extracted from the data, of which a small part
is shown in the top of figure 4.3c. Under the assumption that the measured intensity is directly
proportional to the number of imager-docking complexes, we can compute the autocorrelation
function according to equation 4.1 and fit the result with an exponentially decaying function

y(`) = Ae(−`/τc) (4.19)

as is shown in the bottom of figure 4.3c. The fit directly gives a value for τc, the characteristic decay
constant which is related to the association and dissociation rate and imager strand concentration
according to equation 4.13. Note that this decay constant is completely independent of the number
of binding sites. If we perform a concentration series on a sample, we can plot the resulting decay
times as function of imager strand concentration, as shown in d. It is important to choose the
concentration between 0.25 < kon

koff
C < 4, because in this regime τc in neither dominated by the

dissociation rate nor by the association rate. The results of the concentration series can be fitted
with equation 4.13 and the fit gives us the values of the association and dissociation rate. The fit
from equation 4.19 also gives us the contrast A, which we can equate to the amplitude in equation
4.18, resulting in

A =
1

Nb

1− β
β

. (4.20)

Hence from analysed time traces we can compute the number of binding sites (N∗b ) with this
expression, by substituting the definition of β from equation 4.15 according to

N∗b =
1

A

koff
kon〈C〉

, (4.21)

provided that we know the association and dissociation constant and the imager stran concentra-
tion. The histograms in e) show the result of this procedure and demonstrate that it was possible
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Figure 4.3: Principle of molecular counting with FCS. a) DNA origami with either one or two docking
strands. b) DNA-PAINT image of the DNA-origami represented in a with the white circle showing the
picked ROIs. Scale bar: 50 nm. c Top: example of a time versus intensity trace of an ROI, bottom: auto
correlation function of the time trace, fitted with a monoexponential decay with the parameters contrast A
and decay time τ . d) Results of a concentration series used to extract the kinetic parameters kon and koff
of the system, according to equation 4.13. e) Distribution of the obtained contrasts A for the three different
imager concentration, which can be used to compute the number of docking strands by inserting the found
hybridization rates. The distribution shows peaks at Nb = 1 and Nb = 2. Source: Jungmann et al [34].

to recover clearly two types of DNA-origami, with either one or two binding sites. Hence FCS
offers a method to extract the number of binding sites without the need for a user defined thresh-
old. Also, it offers relatively simple approach to calibrate the kinetic constants, of which a good
estimation is vital to the outcome of both qPAINT and FCS. In contrast to qPAINT which omits
the information stored in the intensity of a certain frame and only considers a frame to either
exceed the threshold or not, FCS takes the actual value of the intensity into account. In qPAINT
increasing the imager concentration beyond a certain limit is leads to a loss of information and
eventually renders the approach useless, but is this limit completely alleviated by using FCS? Let’s
find out in the next section which is about the performance of the technique.
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Figure 4.4: a) First 250 s a background free time trace with uniform event intensity, achieved by setting σi

to zero. b) The resulting autocorrelation function of full time trace and the exponential fit. The residuals
of the fit are shown below. With the contrast of the fit, we arrive at an estimate of N∗

b = 217.

4.2 FCS preformance on simulations without background,
with identical event intensities

In this section we will evaluate the performance of the FCS data analysis approach when applied to
data generated with our model, with two minor adaptations. Similar to our analysis of qPAINT,
we first omit the background time trace, so that we have infinite SNR. Also, we set the width of
the event intensity distribution (σi) to zero. This is done because in the derivation of the equations
used in FCS, we used the concentration correlation function since we assumed the concentration
to be directly proportional to the intensity. To fulfil this assumption we first look at time traces
with a uniform intensity distribution, which is achieved by setting σi = 0. In the remainder of this
chapter we will refer to results of these kind of simulations as background free FCS, but keep in
mind that these time traces also have a identical event intensities. In section 4.3 we will restore
the width of the event intensity distribution parameter and add the background time trace.

An example of a background free time trace with uniform intensity distribution is shown in
figure 4.4a. Then the autocorrelation function is computed via equation 4.1. The result is fitted
with single exponentially decaying function, as is shown in figure 4.4b. From this fit we will compute
the number of binding sites via the fit contrast, the input values of association and dissociation
rate and concentration via equation 4.21.

In the remainder of this chapter we will analyse the performance of FCS based on precision and
accuracy similar to the analysis of qPAINT in chapter 3. Moreover, a concentration series simu-
lation is performed to study the extraction of the kinetic parameters. To follow the experimental
approach of Jungmann, we start with the latter.
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Figure 4.5: a) Individual, normalized autocorrelation functions and the corresponding exponential fit for
three imager concentrations. Below the graph the residuals of the fit are shown. The characteristic decay
time decreases for increasing concentration. b) The characteristic decay time as function of imager strand
concentration. The fitted curve results in koff = 0.50 s−1 and a kon = 2.3e6M−1s−1, which is a perfect
match with the input, our default parameters. Each point represents the average of 100 simulations and
the error bars are given by the standard deviation of the results.

4.2.1 Extraction kinetic paramters

As the concentration of imager increases, the characteristic decay time of the autocorrelation
function decreases. This trend is shown for three different concentrations in figure 4.5a. Note that
the autocorrelation function is normalized here, to facilitate comparison. Figure 4.5b shows the
result of an imager strand concentration series. The concentrations used varied between 10 nM
and 1000 nM, which are in the regime where koff and konC are in the same order. The values
shown are for our default parameters, thus particles with 200 binding sites, but it has been verified
that these data points are indeed independent of the number of binding sites, for simulations with
5 and 5000 binding sites. For these input parameters, we retrieve the same datapoints with the
same errorbars. The data points are fitted with equation 4.13 and the resulting association and
dissociation constant are a good match with the input values (our default values). Hence if the
condition of constant event intensity is met, a simple concentration series suffices to extract the
kinetic parameters, completely independent of the number of binding sites on the sample used.

43



Figure 4.6: a) Precision of FCS on time traces with constant event intensity as a function of the ratio
between mean dark time and theoretical bright time. As the concentration increases, the precision increases,
since the information on all the events is taken into account. Hence there is no sweet spot like in qPAINT,
which completely omits the information on multiple events taking place in the same frame. b) Accuracy
of lbFCS on time traces with constant event intensity as a function of the ratio between mean dark and
theoretical bright time. The accuracy is very robust for a wide range of imager strand concentration, far
beyond the upper limit of qPAINT.

4.2.2 Precision and accuracy

The first part of the analysis, extracting the kinetic parameters, works and we can turn to predicting
the number of binding sites. This is analysed similar to the analysis of qPAINT, by performing
a 100 simulations and determining the precision and accuracy according to equations 3.1 and 3.2
respectively. The results are shown in figure 4.6 for our default system. The results of qPAINT
applied background free time traces are included in the graphs for comparison. The first thing
we note is that FCS can be used far beyond the maximum concentration limit of qPAINT. For
the best results in qPAINT, you need to perform experiments at the optimal concentration for
which precision is highest, but for FCS there is no such sweet spot and the technique performs
equally well over a large range of concentrations. This can be explained by the fact that FCS does
not require the identification of individual events, but relies on the intensity fluctuation on the
signal as a whole. This is highly convenient for experimental purposes, such as experiments for
which there is no good estimate for the expected number of binding sites or experiments with very
heterogeneous particles.
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Figure 4.7: Comparison of precision as function of measurement time for the fixed imager strand concen-
tration at which τd/τb = 1, the sweet spot for the qPAINT technique. The precision of FCS is slightly
higher than for qPAINT at this concentration.

The precision and accuracy shown in figure 4.6 are specific to a measurement time of 5000
s, nearly one and a half hours. We also investigated the effect of the total measurement time
on the precision, similar to our analysis for qPAINT. Figure 4.7 shows the precision for a fixed
concentration for which τd/τb = 1 as a function of the measurement time over the mean dark time,
because the latter parameters includes the number of binding sites which influences the statistics.
The longer the measurement time, the higher the statistics and the higher the precision. Overall,
the precision of FCS is lower than qPAINT, but this is not conclusive evidence that qPAINT is a
better technique than FCS. For qPAINT the values shown in the graph are truly the best achievable
precisions because we set the imager strand concentration to the value that results in the highest
precision. For FCS there is, however, no objection to increasing the concentration which, according
to figure 4.6a increases the precision. Or alternatively we could decrease the measurement time
even further for higher imager strand concentrations.
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Figure 4.8: The precision and accuracy dependence on camera frequency times the bright time, which
essentially is a measure for the number of frames the bright time spans. For values below 1 the accuracy
and precision rapidly start to deteriorate. On average the number of binding sites is underestimated for
low camera frequency, but since the precision is low, there are also ample simulations in which the number
is largely overestimated.

Besides a performance dependence on total measurement time, we also found a dependence
of the camera frequency for qPAINT. Do we run into the same limitations for FCS? Figure 4.8
shows the precision and accuracy for an imager concentration of 1 nM, for which τ∗d /τb = 1 for
varying camera frequencies. The independent variable is the camera frequency times the bright
time which is a measure for the number of frames the mean bright times (as computed by equation
1.1) spans. Under these specific conditions the precision suffers tremendously for FCS when we
decrease the camera frequency. However, a stable high precision for qPAINT does not mean that
the results of a low camera frequency are usable, because the accuracy is very poor for qPAINT
for low camera frequency. For FCS we advise to measure at least at a camera frequency of at least
the bright time. Under the conditions shown in figure 4.8, this corresponds to a camera frequency
of 0.5 Hz, for which we have a precision of 0.87 and we undercount the number of binding sites
by just 7%, compared to 30% undercounting for qPAINT. Why does FCS still perform so well for
an integration time equal to the bright time, would we not expect to miss all correlation at this
integration time? The first argument is that for a mean bright time of 2 s, there are also several
bright times which are longer than 2 seconds. The second argument is that time is continuous.
Events do generally not start at the beginning of a frame and end at the ending of a frame, but
start somewhere between beginning and ending. This results for example in two frames with both
the peak intensity values, and thus the frames are correlated.
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Figure 4.9: a) First 250 s of a time trace with fixed event intensity. b) First 250 s of the same time trace
as in a with an event intensity distribution according to a log normal distribution with σi = 0.73. c) The
autocorrelation functions and corresponding fits of the time traces shown in a and b. The autocorrelation
function of the time trace with an non-uniform intensity distribution has a significantly higher contrast.

4.3 FCS preformance under realistic conditions

4.3.1 Effect of event intensity distribution

After having studied the theoretical performance of FCS on background free simulation with con-
stant event intensity, we restore our model to the realistic version including a background time
trace and a wide event intensity distribution. Please note that before analysing the time traces,
we first have to subtract the mean background intensity to arrive at a baseline of zero. Restoring
the model to the model as described in chapter 3 allows us to investigate the performance of FCS
applied on realistic data, specifically for our system.

The first thing we noticed in our results was a systematically lower fit contrast when compared
to the same time trace with constant event intensity, as is shown in figure 4.9c. Since the fit
contrast is inversely proportional to the number of binding sites according to equation 4.21, this
leads to a systematic underestimation of the number of binding sites.
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Figure 4.10: Two symmetric intensity distributions. The blue distribution has a small σi and is narrow and
the green distribution has a large σi and is broad. The difference of the individual intensities with the mean
intensity is on average larger for the broad distribution. This leads to an overestimation of the correlation
term in equation 4.1 and therefore, according to equation 4.21 an underestimation in the number of binding
sites.

The addition the background time trace did not have any effect on the autocorrelation function,
but the width of the intensity distribution did. We have investigated this effect by comparing
the values of nominator and the normalization term in equation 4.1 and the discrepancy solely
originated from a higher correlation term, the nominator. This effect is also present in symmetric
distributions like the normal distribution, in almost the same extent. To explain the effect most
easily, we will use this distribution. Figure 4.10 shows two intensity distributions, a narrow one
(small σi and a broad one (large σi), with the same average intensity. For computing the number
of binding sites, we are interested in the autocorrelation, hence the term (I(i) − 〈I〉)2. The
broader the distribution, the larger the average difference between I(i) and 〈I〉. And that is the
reason why we we find higher values for the nominator in equation 4.1, hence higher values for the
contrast of the autocorrelation function and hence lower values for the estimated number of binding
sites. For narrow distributions we find the same amount of underestimation for the symmetric
normal distribution and the asymmetric log-normal distribution. But for broader distributions,
the asymmetry of the log-normal distribution becomes more profound and the underestimation is
less than for the normal distribution.
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Figure 4.11: a) Dependence of the correction factor on the σi of a log-normal event intensity distribution.
The correction factor is defined as the ratio between the resulting number of binding sites of a time trace
with constant event intensity and the resulting number of binding sites of the same time trace with an
event intensity distribution with a width determined by σi. As the event intensity distribution gets broader,
the correction factor increases and the variation in found correction factor increases. b) Dependence of
the correction factor on the imager strand concentration for our default σi = 0.73. In the concentration
regime where the characteristic time defined in equation 4.13 is constant because it is dominated by the
dissociation rate, the correction factor is constant. For our system, the characteristic decay time starts
to decrease at 10 nM, and for this concentration we start to see an increase in the correction factor. All
datapoints reflect the averages of 100 simulations and the errorbars the standard deviation of th resulting
distribution

The combined effect of width and asymmetry make it difficult to quantitatively derive how the
underestimation depends on the distribution, so we have here chosen the strategy to simply use our
model to derive specifically how the underestimation depends on σi in our model. The results are
shown in figure 4.11 a. The correction factor is determined by comparing the resulting number of
binding sites for a time trace with a distribution of event intensities (N∗bσ=σi

) the result of the same
time trace with constant event intensities (N∗bσ=0). We can see that the correction factor increases
as the width of the event intensity distribution increases. Time trace-to-time trace variations
increase upon increasing σi, hence variations in the correction factor increase, as is reflected by the
increase in the error bars. We have not found a way to predict the correction factor analytically,
and the fact that the best fit in figure 4.11a was fourth order polynomial indicates that this might
be a difficult task.

Since the shape of a log-normal distribution is determined by σi, there is no dependence on µi,
which only depended on the laser power. Therefore, we found no influence of the laser power on
the correction factor.

On the contrary, we did find a dependence on the imager strand concentration, as is shown
in figure 4.11b. For a large concentration range the correction factor is constant, but as the
concentration reaches 10 nM, the correction factor starts to increase. At this concentration the
characteristic decay time defined in equation 4.13 starts to decrease (5% at 10 nM) and is no
longer fully dominated by the dissociation constant. This effect is independent of the number of
binding sites, and therefore we used the concentration here as independent variable instead of the
previously used quantity of τ∗d /τb. It has been verified with simulations that indeed, when the
dissociation or association constant is changed, the onset in the increase in correction factor is at
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the concentration where the characteristic decay time starts to decrease. We have not investigated
the complex landscape of correction factor dependence on both event intensity distribution and
imager strand concentration and for now just set the upper limit of the applicability of FCS to
the imager strand concentration for which the correlation time according to equation 4.13 has
decreased 5%.

Thus we can use FCS for estimating the number of binding sites on realistic time traces, but
what is the effect on extracting the kinetic parameters? To extract the kinetic parameters we need
to do an imager strand concentration series at high concentrations. At low concentrations, the
simulation still manage to produce the correct characteristic decay time without the need for a
correction, but for increasing imager strand concentrations, the expected decrease in characteristic
decay time is not found. There is no clear distribution or concentration dependence at all, which
also means that we can’t simply correct the results as was done for the estimation of the number
of binding sites. We don’t know how to explain this effect and thus, at this point, we can only
conclude that it is not possible to extract the association and dissociation rates from experimental
data with a broad event intensity distribution, as is typically found for particles.

4.3.2 Precision and accuracy

After introducing a realistic event intensity distribution, we can still use FCS to compute the
number of binding sites on a particle in the same concentration range as feasible for qPAINT with
an objectively found correction factor. With this correction factor we can readily continue with the
analysis of precision and accuracy of FCS on our simulated realistic time traces, without having
to chose a threshold and a correction for short dark times.

The results are shown in figure 4.12. In a we see that the precision of FCS is only slightly
lower than the precision of qPAINT, and even exceeds the qPAINT precision for low τ∗d /τb, thus
high imager strand concentrations. Unlike qPAINT, FCS does not show a imager strand con-

Figure 4.12: Performance of FCS and qPAINT applied to data from the noise model and analysed with a
correction.a) Precision as a function of the ratio between theoretical dark and bright time. For low con-
centrations, the statistics is low and the precision of both qPAINT and lbFCS is low. As the concentration
increases the precision increases. However, for qPAINT above the concentration for which τd/τb = 1 the
precision decreases again because of double events, whereas the precision of lbFCS keeps increasing. b)
Accuracy of both methods, which is higher for lbFCS. All datapoints represent the averages of 100 simula-
tions.
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Figure 4.13: Performance of lbFCS dependence on SNR for τ∗d /τb = 1. a) Precision and b) Accuracy. For
SNR below 0.1, the number of binding sites in on average overestimated slightly, but unlike qPAINT there
is no clear systematic over or underestimation, rather the values become quite random, as we can see from
in the rapid deterioration of the precision. All data points are computed from 100 simulations.

centration sweet spot, because it uses the information stored in the intensities of double events,
whereas qPAINT leaves this information unused. This is similar to what we had already found
for the theoretical comparison. The precision is however lower compared to theoretical precision
of FCS, which we attribute to the fact that, especially for high τ∗d /τb, not all event intensities are
represented equally and thus the average correction factor we found might not perfectly suited for
that specific time trace. The accuracy of FCS shown in figure 4.12b does show a clear improvement
with respect to qPAINT, especially for the very low and very high imager strand concentrations.
Unlike qPAINT, FCS does not suffer from systematic overestimation for high τ∗d /τb or systematic
underestimation for low τ∗d /τb.

Analogous to qPAINT, we have one parameter left to study, namely the influence of SNR,
which is studied by varying the laser power. Again, we use very low laser powers, and therefore
we omit the step adding Poissonian noise to the events. Many simulations were necessary to find a
regime in which a dependence was found on SNR, because the performance of FCS is very robust
up to profoundly low SNR. Figure 4.13a shows dependence of the precision on SNR. For SNRs
down to 0.1 there is little influence of the noise on the performance of FCS, and then the perfor-
mance deteriorates rapidly. For SNR’s below 0.05, it seems no longer possible to make a single
exponential fit to the data, the estimated number of binding sites from the simulation are very
wide spread, and don’t show a well defined peak in the distribution of results anymore. From
figure 4.13a we can conclude that we can safely use FCS down to a SNR of 0.1 in stark contrast to
qPAINT, which is absolutely mesmerizing. To illustrate this, an example time trace with SNR of
0.1 is shown in figure 4.14b and the the corresponding autocorrelation function in c, compared to
the autocorrelation function of the background free time trace. To the naked eye, the time trace
with an SNR of 0.1 does not look like anything more than noise and analysis of this time trace
with qPAINT is unthinkable. But because the background signal is uncorrelated in time, FCS can
still filter out the correlation.
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Figure 4.14: a) First 250 s of a background free time trace. b) The same time trace as in a, including a
background time trace. c) The autocorrelation functions of the time traces shown in a and b. Despite the
large residuals, the fit of the ACF of the noisy data is very close to the fit of the background free time trace.

All in all, FCS offers a great alternative to qPAINT to analyse realistic DNA-PAINT data, de-
spite not fully living up to the expectations raised in section 4.2. Unlike qPAINT the performance,
especially the accuracy, of the technique is more robust over the imager strand concentration range
of interest, which offers possibilities for heterogeneous samples. Also, it takes out user-bias com-
pared to qPAINT since there is no need to choose a threshold or how to correct for short dark times.
There is a correction factor needed, but this comes directly from simulations and is therefore far
less subjective than the threshold or number of allowed off-frames in qPAINT. After an extensive
in silico analysis of both techniques, we are now ready to turn to the analysis of experimental data
in the next chapter.
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Chapter 5

Experimental data

In the previous chapters we have analysed time versus intensity traces that represent DNA-coated
particles to which imager strands hybridize transiently. Every time an imager strand binds, the time
traces shows an intensity burst. In this chapter we will first explain the underlying experimental
set up. We will discuss the data acquisition and the processing steps needed to arrive at a time
versus intensity trace. Finally we discuss the results of analysis of experimental data.

5.1 Experimental set-up

5.1.1 Sample

We start with polystyrene nanoparticles with a surface coverage of streptavidin, acquired from
Spherotech. The particles are from the same product line as the particles used in the study of
Delcanale [26], but have a larger diameter; 540 nm compared to 320 nm. When using biotinylated
docking strand, the docking strand can easily be attached to the particle surface by incubation
of a mixture of particles and dockings strands in solution. Streptavidin-biotin is the strongest
non-covalent bond found in nature and therefore often used in biophysical research. If the docking
strand concentration is in excess compared the binding capacity of the particle, the left-over docking
strands then need to be removed from the mixture after the incubation time, which can be achieved
by repeated centrifugation. The buffers, concentrations and incubation times used are described
in details in appendix B.

In this research we have used a 25 nucleotide (nt) biotinynalted docking strand, which is longer
than conventionally used for DNA-PAINT. This strand was introduced by Junngmann et al [24].
The figures in this chapter originate from experiments with either one of the two imager strands
shown in figure 5.1. Imager strand 0 has 10 nt complementary to the docking strand, while imager

Figure 5.1: Schematic representation of the used 25 nt biotinylated docking strand and its complementary
imager strands. Imager strand 0 has 10 nt complimentary to the docking strand and imager 1 only has 9
nt complementary.
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Figure 5.2: Functionalized particles physisorp on glass the flow cell surface. Freely diffusing imagers can
bind transiently to the exposed docking strands. When this occurs close to the glass surface, where the
evanescent field is strong, the fluorophore on the imager strand gets excited, and we observe an intensity
burst. Freely diffusion imagers can also enter the volume where the evanescent field is strong. However,
since they are moving rapidly, their photons are smeared out over several pixels, thus it does not create an
intensity burst. The contribution from all freely diffusing imager strands combined, however, does introduce
a background signal.

strand 1 only has 9 complementary nt and as explained in section 2.2, we therefore expect a
different dissociation constant.

The functionalized particles were thereafter incubated in a flow cell, which is nothing more
than two thoroughly cleaned and plasma treated glass slides separated by two strips of double
sided tape to create a channel. By physisorption a number of particles stick to the glass surface
of the flow cell. The unbound particles are carefully washed away. For a more detailed sample
preparation we refer to appendix B. Finally, the imaging buffer with a certain concentration of
imager strand is introduced in the flow cell. To prevent evaporation of the imaging buffer during a
measurement, the open ends of the flow cell are sealed with nail polish. Our system now looks like
the schematic shown in figure 5.2. The particles are immobilized on the glass surface surrounded by
freely diffusing imager strands, which can bind transiently to the docking strands on the particles.
As we already stated in the introduction, there is a highly localized electromagnetic field in the
vicinity of the glass surface, the evanescent field. The strength of this field decays as we move
away from the glass surface. When an imager strand binds to a docking strand on the particle, it
is excited and gives an fluorescent burst. When a freely diffusing imager strand enters the region
close to the glass surface, it is excited too, but since it moves at a very high speed, there it does
not cause a local intensity burst. The effect of many freely diffusing imagers combined, however,
does introduce a background signal.

5.1.2 Microscope

In this research the Oxford Nano Imager (ONI) was used, which is a commercial microscope for
single molecule fluorescence imaging. It can operate with a white LED for bright field imaging
and four lasers with different wavelength and adjustable laser power, to allow measuring a wide
range of dyes. It has a 100x magnification oil objective and sample stage that can move with
nanometric precision in three directions. An example of what the optical path could look like in
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Figure 5.3: Illustration of a super resolution microscope, based on a drawing of Wageningen University &
Research. Since the ONI is a commercial microscope, we do not have the exact composition of the ONI and
therefore an alternative set-up is included. The ONI offers a choice out of four different laser wavelengths
and a white LED (shown in blue), the latter to take transmission images. Among the two key elements of
the microscope is the multi dichroic mirror in the centre, which reflect the incoming laser beam and directs
it to the sample, while transmitting the fluorescence signal from the sample, which then goes to the detector.
Before reaching the detector, another dichroic mirror separates the fluorescent signal into red light and all
remaining colors. The two resulting signals are focussed on different parts of the CMOS camera, which
records an image or movie of the sample.

such a microscope is shown in figure 5.3. The microscope is designed to be used with 0.17 mm
coverslips.

In the microscope a laser beam, the excitation beam, is reflected by a dichroic mirror and
focussed on the glass surface of the sample under a user-defined angle of incidence. The refractive
index of the water based buffer is lower than the refractive index of the glass of the flow cell and
according to Snell’s law, there is a critical angle of incidence beyond which there is no longer
transmission of the beam into the buffer medium and the beam is completely reflected into the
glass, which is called total internal reflection. When this total internal reflection happens, the
reflected light creates an evanescent field near the interface in the lower-index medium, thus in the
flow cell region with our immobilized particles. The frequency of the evanescent field is identical to
the that of the incident beam. It’s field strength decays exponentially when moving further away
from the interface and reduces to nearly zero in a few hundred nanometres.

Hence, such an evanescent field allows us to only excite imager strands in a small volume
close to the glass surface of the flow cell. In this way the contribution from the bulk of the
freely diffusing imager strands is suppressed. Now the fluorescence signal originates from only two
sources as we had already seen in chapter 2: from momentarily immobilized imager strands on the
docking strands, which contribute intensity bursts and from rapidly diffusing free imager strands in
vicinity of the interface, which contribute an overall background fluorescence, fluctuating around
an average value.

The same dichoric mirror that reflected the excitation beam in order to direct it to the sample,
actually transmits the fluorescence signal from the sample. This is possible because the fluorescence
signal has a different wavelength than the excitation beam. Dicroic mirrors act like beam splitters:
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Figure 5.4: a) Selected region of a transmission image, showing dark beads against a light background. The
red marked beads are the beads selected for analysis. The two beads in the top left corner are not selected
because they are too close together. b) Still of the corresponding measurement of the particles shown in
the transmission image at a concentration of 0.5 nM acceptor, a laser power of 12 mW and a illumination
angle of 54 degrees.

they reflect light of a specific wavelength and transmit other wavelengths. Before reaching the 16 bit
CMOS camera, the signal is encounters yet another dichroic mirror. This dichroic mirror transmits
red light and reflects all other wavelengths. Hence the first dichroic mirror in the microscope is used
to separate excitation beam and fluorescence signal and the second dichroic mirror is used to split
the fluorescence signals by color. The two separate fluorescence signals are focussed on different
parts of the camera sensor, creating two ’channels’; a ’blue/green’ channel and a ’red’ channel.
This enables two color PAINT, an experiment with two different dye’s and two different laser
sources. This option has not been explored in this report. Since our experiments were conducted
with the ATTO647N dye, a red fluorophore, we are only interested in the red channel. However,
we do briefly use the green/blue channel to make a transmission image, using the white LED. In
this transmission image, we can see the particles, as is shown in figure 5.4a and this serves as a
reference for picking the regions of interest that contain a single particle for data processing.

Once the focal plane is found by moving the sample stage up and down, the ONI offers the
option to lock the focus, so that the measurement is not affected by drift in the z-direction.

The camera acquires a movie of the experiment with a user defined camera frequency and for
a user defined total number of frames. The movie is saved as a 16 bit tiff file.

One last note about the ONI is that it offers the option to heat up the sample to measure, for
example, living cells at 37◦C, but the sample cannot be cooled down. Experience learned that the
sample and stage temperature increase significantly upon operating the microscope and without
turning on the temperature control, it eventually equilibrates at 30 ◦C for a laser power of 30
mW. This unfortunately means that it is not really possible to measure at a lower temperature
if you want the temperature to be constant during the measurement. Also, this temperature
is high compared to the DNA-PAINT experiments published by the group of Jungmann, which
complicates direct comparison of the measured dissociation rates of certain combinations of imager
and docking strands.
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Figure 5.5: Reconstructions of the particles of a 25 min measurement with each cross representing a
localization from Thunderstorm. The colors of the crosses represent the time interval in which the even
took place; the black crosses represent the first 250 s, the dark blue the second 250 s, etc. The regions
of interest are depicted by the magenta squares. The localizations outside of the regions of interest are
non-specific events with the glass. Because of drift in the time between the acquisition of the transmission
image for determining the particle locations and the fluorescence measurement, there is often not a perfect
match between the particle locations and the event locations. By looking at the reconstructions, we can
check, adapt and update the particle location list for the next processing step.

5.2 Data processing

To explain the workflow of our data processing, we use experimental data with a very high SNR,
originating from our measurements with imager strand 0.

Before we can analyse the recorded movie, we first need to know the particle locations because
these are the regions of interest in the measurement data. This is most easily analysed in the
ImageJ, a free image analysis software platform. With a point selection tool the particles can be
hand picked (red selections in figure 5.4a) and the list of particle locations can be exported for
further analysis. By hand picking the particles, the experimenter makes a selection of particles
and thereby clusters or particles that are too close together can already be omitted in this step.

With a special ImageJ plug-in called Thunderstorm, the images can also be analysed; the plug-
in localizes bursts of fluorescence due to single molecule binding, which we refer to as events. An
example of a part of one frame is shown in figure 5.4b. The plug-in offers a wide range of fitting
methods. We have used the default settings throughout this report. This means that we start
with evaluating for every pixel if it exceeds the user-defined threshold and whether it is the local
maximum in connected neighbourhood. These pixels are fitted with a Gaussian as was described
in section 1.2. The result of the fitting procedure is exported in a list containing each localization
and its corresponding frame number and intensity.

With the lists of the particle locations and event localizations in hand, the processing continues
in custom made Matlab scripts. The first script is the particle selection script. This script plots the
localizations from thunderstorm (crosses is figure 5.5) and the region of interest selected by hand in
ImageJ (magenta squares in figure 5.5). Since the docking sites are distributed over the particle,
the localizations of the binding events are spatially distributed, plotting all the localizations results
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Figure 5.6: The particle locations define the centres of 8x8 pixel ROIs. Per ROI, for each each frame,
the average pixel value is computed and these values as function of frame number constitute the RAW
time trace. For each particle location also a time trace is computed for a 8x8 pixel region right next to
the ROI, which is the background time trace. The RAW time trace processed by subtracting the mean
value of the background to arrive at a time trace in which the baseline is zero, as is shown in the top row.
Furthermore, the background time trace defines the noise threshold, which is n times the standard deviation
of the background time trace. The processed time trace is subjected to the noise threshold and this results
in two lists: signal and noise values. We expect to find a noise histogram with a Gaussian distribution
centred around zero, but in many measurements this was not the case, and hence the mean value of the
noise is subtracted from the time trace.

in a reconstruction of the particle. The sizes of the reconstruction clouds are a good match with
the particle sizes provided by the manufacturer (400-690 nm diameter).

From experience we learned that because of the time between the acquisition of the transmission
image and the fluorescence video, there is often some drift. With the particle selection script the
user can move the region of interest so that it fully includes the localizations of the particles.
This processing step is shown in figure 5.5. The figure shows three particles for clarity, but the
script shows the particles one by one, allowing the used to either ’reject’ or ’accept’ the particle.
Sporadically there are for example particles that release from the glass surface, show very little
events or show non-circular reconstructions. In summary, the particle reconstruction step is an
extra check that helps to update the particle locations and make a final selection of the particles
of interest.

Next the tiff movie is loaded in Matlab and for each particle location, a time versus intensity
trace is computed. This step requires a lot of memory and therefore the movie is split up into
different files per time interval. This also means that we can use an updated particle locations file
for each time interval, and this allows us to cope with drift of the sample in the xy-plane if there
is any. The particle locations in the list give the centres of an 8x8 ROI and for each frame the
average pixel value of this ROI is computed. By computing the average values for each frame, we
arrive at a time versus intensity trace, such as shown in the top left of figure 5.6. A table with all
the time traces is exported. In addition, for each particle a time trace is generated for 8x8 pixel
region next to the particle ROI, which is done locally due to small illumination inhomogeneities.
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This is the background time trace and an example is shown in the middle of the top row in figure
5.6.

The next step is to subtract the background form the time trace. However, not all background
time traces look like the one in figure 5.6, since there are sporadic non-specific binding events to
the glass and thus some intensity bursts in the background time trace. To cope with this, the
user selects a region of the background time trace for further analysis, an interval is selected in
which there are no large intensity bursts. From this selected region, the mean is computed and
subtracted from the time trace. Also, the standard deviation of the background determines the
noise threshold, which is defined as the noise threshold factor (n) times the standard deviation of
the background. In chapter 3.2 we motivated that we set this value to a value of 4 by default.

Now that we have a value for the noise threshold, we can analyse the processed time trace;
all values below or equal to the threshold are classified as noise, and all value above the noise
threshold are classified as signal. What we expect to find for the noise distribution is a Gaussian
distribution centred around zero. However, for many particles, such as shown in figure 5.6, the
centre is slightly off, typically, but not consistently, higher than zero. Can this be explained by the
inhomogeneity of the evanescent field in the x-y plane? To test this we have looked at background
time traces of regions displaced in the x and y direction, but these give the same baseline value,
whereas the ROI with the particle is, for most particles higher. This might be caused by a very
slight autofluorescence of the particle. However, since the deviation from zero is not consistent in
every particle, we cannot use one universal correction, and thus we determine the mean of the noise
for each particle and subtract that from the time trace to arrive at a time trace with a baseline of
zero. This is very important, especially for the FCS approach, because for our default modelling
system, for example, a 30% overestimation of the number of binding sites when the noise is centred
around a value of 2 instead of 0.

Figure 5.7: Result of the data analysis for one particle. a) The cumulative distribution function of the
extracted dark times (blue), and the corresponding exponential fit (red), resulting in 30.132 binding sites.
b) The autocorrelation function (crosses) and its exponential fit (line), resulting in 38.421 binding sites.
This measurement was performed on particles incubated with an excess of docking strands and exposed to
1 pM of imager strand 0.
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With the time traces with a baseline of 0, we can start the data analysis in the same way as
simulation data was analysed. For qPAINT we compare the intensity of each frame to the threshold
was n = 4 times the standard deviation of the background signal. Each series of frames below the
noise threshold is identified as a dark time. In addition, we correct dark times equal to and shorter
than (Noff = 1) frames as was described in chapter 3.2, to deal with low intensity events. The
intensity of these events causes them to fluctuate around the noise threshold and thereby these
events introduce many incorrectly identified, short dark times. The values for n and Noff can also
be chosen differently in the analysis.

The result of our qPAINT analysis is a list of dark times. The cumulative distribution of these
dark times is plotted and fitted with equation 1.5 as is shown in figure 5.7a. The mean dark time
allows us to compute the number of binding sites according to equation 1.4, for a known imager
strand concentration and assumed value of the association rate.

Parallel to the dark time analysis, we also perform a bright time analysis, resulting in a list
of bright times. Similar to the dark times, the bright times are also exponentially distributed.
If the imager strand concentration is low enough to be in a regime with little double events, the
mean bright time is the inverse of the dissociation rate according to equation 1.1. Since the bright
time is independent of the number of binding sites, we can simply combine the bright times of all
the particles to have good statistics for the determination of the mean bright time and thus the
dissociation rate. Knowing the dissociation rate allows us to determine the ratio of mean dark
over theoretical bright time (τ∗d /τb), which we used as our independent variable in most of our
graphs. But even more important, we need a good estimate of the dissociation rate for FCS, since
the dissociation rate is heavily dependent on temperature and therefore cannot be easily assumed
from literature.

For analysis via the FCS approach, we don’t need to make any choices at all and can readily
compute the autocorrelation function and fit the resulting data points. In the computation of the
number of binding sites we do multiply the result according to equation 4.18 An example of such a
fit is given in figure 5.7b with its corresponding residuals. The fit contrast is used to compute the
number of binding sites via equation 4.21 and finally we multiply this result with the objectively
found correction factor or 1.7. Similar to qPAINT, we use the known imager strand concentration,
assume a value for the association rate based literature and use the experimentally found value for
the dissociation rate.
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Figure 5.8: a) Part of a time trace of a measurement with 500 pM of imager 1 acquired at a camera
frequency of 50 Hz. b) The same time trace as is shown in a, but binned to a frequency of 10 Hz in order
to increase the signal to noise ratio and ease thresholding.

5.3 Results

In this section we list the results of the analysis of experimental data, acquired with imager strand 1,
which has a higher dissociation rate than imager strand 0 we used so far. This allows us to measure
more events in a fixed measurement time without introducing double events. The drawback of
having a short bright time is that the plateau of the correlation function becomes poorly resolved.
Since FCS is very robust against SNR, we decided to increase the camera frequency from the
default 10 Hz to 50 Hz, to be on the safe side. Since in qPAINT it is, however, best to strive to
a highest SNR, we bin the time trace back to 10 Hz in data processing to ease the procedure of
thresholding. An example of the result of binning is shown in figure 5.8. Also, we have decreased
the number of docking strands sites on the particles from tens of thousands to a few hundred
because the functionalized particles adhered poorly to the flow cell surface due to the negatively
charged DNA.

Measuring with imager strand 1 also had consequences for the data analysis. Because the bright
time lasts, on average, less than two frames in the binned time versus intensity trace, we decided
to set Noff = 0. Also, during the processing, we noticed that the noise distribution retrieved when
setting the noise threshold factor to 4 were significantly asymmetric, as is illustrated in figure 5.9.
This is an indication that among the positive noise values there are also frame values which actually
belong to specific events. By returning to our simulation, we found out that this asymmetry is
also present in data generated with a dissociation rate of 0.5/ : s−1 at high concentrations. Upon
inspection we found that the wrongly identified frames originated often from the frame of the onset
or offset of the imager strand binding, hence frames in which only part of the time an imager strand
was bound and therefore the frame has a low intensity. If the event that follows the onset is long,
we still identify the dark and bright time correctly and can make an accurate estimation of the
number of binding sites. But if the mean bright time is less than two frames, there is a significant
portion of events that are so short that their total event intensity, (which is often spread over two
frames on top of that), is simply not enough to exceed the noise threshold. If this happens we miss
an entire event and extract a dark time that is too long. Hence for an imager strand with a high
dissociation rate we miss dark times due to very short, low intensity events. To cope with this, we
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Figure 5.9: Noise distribution of a 300 s time trace of imager 1 at a concentration of 500 pM for a noise
threshold factor of 4. Comparison with a Gaussian shown a clear asymmetry, which is presumably caused
by frames with specific events with low intensity classified as noise. This finding was the main motivation
to lower the noise threshold factor from 4 to 3, to remove the tail on the right. Unfortunately, that did
not solve the asymmetry problem completely. The asymmetry becomes more profound for higher imager
concentration.

lowered the noise threshold to 3. This, however, does not solve the problem completely.
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Figure 5.10: The cumulative distribution function of the bright times of a measurement with 75 pM at
analyzed at 25 Hz. The mean bright time is determined to be 0.16± 0.01 s.

5.3.1 Determination dissociation constant

In this section we list the results of the analysis of the experimental data. First, we extract the
bright time from a measurement with low imager strand concentration so that the influence of
double events is minimal. According to equation 1.1, we can compute the dissociation rate from
this result. We need a value for the dissociation rate, since we characterize performance with
the mean dark time over the theoretical bright time as independent variable. Also, knowing the
dissociation rate is vital to the FCS approach, since it is present in equation 4.21.

For the determination of the mean bright time, thus the dissociation rate, we performed a
25 min measurement on functionalized particles with a number of docking sites in the order of a
few hundreds, exposed to an 75 pM of imager strand 1. Although throughout the remainder of
this chapter, qPAINT is applied to the time traces binned to a frequency of 10 Hz, we make an
exception for the determination of the bright time, because a lot of detail is lost in the distribution
of bright times if we perform the analysis on the binned data. On the other hand, without binning
we have a very poor signal to noise ratio and it is very difficult to separate signal from noise. As
a compromise, we analysed the bright time distribution of a time trace binned to a frequency of
25 Hz. The resulting cumulative distribution function and its corresponding fit are given in figure
5.10 and we establish an mean bright time of 0.16±0.01 s. This corresponds to a dissociation rate
of 6.25s−1, according to equation 1.1.
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Figure 5.11: Overview of the time traces and the measurement results for measurement with 0.5 nM
imager strand 1. a) The original time trace (fc = 50 Hz) is plotted to which FCS is applied. The resulting
autocorrelation function and its corresponding fit and residuals are shown in c). This analysis resulted in
468 binding sites, which is the result after applying the correction factor of 1.7. b The binned time trace
(fc = 10 Hz) and the noise threshold (red line, n = 3) is shown. The cumulative distribution function
of all the extracted dark times and the corresponding exponential fit are shown in the bottom right. The
qPAINT analysis resulted in 398 binding sites.

5.3.2 Quantifying number of binding sites

With our experimentally determined dissociation rate and the association rate from literature, we
can analyse the time traces with qPAINT and FCS in parallel. Both techniques are applied to
exactly the same time trace, except that FCS was applied to the ’original’ data with frequency
of 50 Hz and qPAINT was applied to the binned data with frequency 10 Hz. Figure 5.11 gives
an overview of the measurement result presented for one particle, including both time traces (the
original time trace in a and the binned time trace in b), the autocorrelation function and fit (in c)
and cumulative distribution function of the dark times (d). Such overviews were plotted for every
analysed time trace and allowed inspection by eye of the fits of the autocorrelation function and the
cumulative distribution function. In a little under 10% of the cases, the fit of the autocorrelation
function was far off, which can also be easily detected in the residuals.

The goal of our measurements was to reproduce the trends in the precision for varying τ∗d /τb
we had found in silico. For this we need several measurements on the same set of particles, so
that, per particle, we can compute a mean number of binding sites and a standard deviation. To
vary τ∗d /τb, we varied the imager strand concentration. In total three measurements were taken
selected for further analysis, with the following concentrations: 75 pM, 500 pM and 2500 pM.
Each concentration was measured on a different sample. In the measurements we achieved around
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Figure 5.12: Comparison of the estimated number of binding sites per time trace for uncorrected qPAINT
and FCS (a) and corrected qPAINT and FCS (b). The correction factors are based on simulations matching
the experimental parameters and are listed in the middle. Every data point represents the result of a 300
second measurement, hence each measured particles contributes five data points.

8 suitable particles, and for each concentration, the same FOV was measured five times for a
duration of 300 s, in order to determine the precision. Despite the low particle yield, which we
expect to be caused by the plasma cleaning step, we still had in total over a hundred unique time
versus intensity traces to analyse. Before turning to the precision, we will first use these unique
time traces to compare the number of binding site estimates of qPAINT and FCS.

The results of the comparison between the qPAINT and FCS results are shown shown in figure
5.12a. Please note that the number of binding sites computed by the FCS already include the
correction factor of 1.7 which accounts for the width of the event intensity distribution. The
results of the 10% of time traces for which the fit of the autocorrelation function was far off, are
not shown in the figure here, because the bad fits often resulted in number of binding sites in the
order of a few thousands and are thus far away from the mean of the dataset.

The left graph in figure 5.12 shows a clear trend in the comparison; the data points originating
from the 75 pM measurement shows a systematic overestimation in the number of binding sites
compared to the results from FCS and for the higher concentrations, the qPAINT estimates show a
systematic underestimation of the number of binding sites. We also found this trend in simulations
for comparable input parameters. The differences between our experimental set-up compared to
the system we have studied in the in silico chapters are caused by three additional effects that
influence the result of qPAINT:

• Fluctuations in the background sporadically exceed the noise threshold factor because we
lowered n from 4 to 3. This effect is dominant at low imager strand concentrations because
statistics is low and the sporadic wrongly identified events have a large effect on the mean
dark time. This effect causes overcounting.

• For high imager strand concentrations the mean dark time approaches the camera integration
time and the short dark times are missed. This effect becomes more important as the imager
strand concentration rises, and causes undercounting.

• The total event intensity of very short binding events is too low to exceed the noise thresh-
old. This effects also becomes more important as the imager concentration rises and causes
undercounting.

Of course, we run the same simulations for FCS and these did not result in systematic over or
underestimation for any of the used concentrations.
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We have not studied the interplay of these effects, but we have simply used the results from the
simulations to correct for the experimental data. For each used experimental concentration, we
established a correction factor for the qPAINT results by comparing with the ground truth data
(500 binding sites). These correction factors are 0.93 for the 75 pM measurement, 1.12 for the 500
pM measurement and 1.37 for the 2500 pM measurement, as is shown in figure 5.12. The right
graph of this figure shows the estimated number of binding sites by the two techniques after the
qPAINT correction. The estimates show a good agreement of the results of the two techniques.
Both techniques predict a smaller average number of binding sites for the 2500 pM measurement
compared to the other two measurements. This can be caused by day-to-day variations, since this
measurement was performed on a different day, with a different batch of particles. This might
cause a slight deviation in the number of binding sites, despite the fact that the functionalization
protocol was the same. Also, a pipetting error in one of the concentration series could explain the
difference.

5.3.3 Precision

Finally, we can examine the performance of both techniques. For this, we calculated the precision
of both techniques per particle, for the data shown in figure 5.12b. Per particle we have five times
300 s of data in total. Each time trace is analysed individually and of the results the precision in
the number of binding sites is computed according to 3.1 per particle. The resulting precisions are
shown in figure 5.13. From simulations we expect 90% of the data to be located between the red
dashed lines and 50% between the blue dotted lines.

All particles were taken into account in the qPAINT analysis. Only two particles are outside
of the 90% boundary. Upon inspection of the data, it turned out that one of the five time traces
of these events had a significant overestimation of the number of binding sites due to a long event
with low intensity (possibly caused by non-specific binding), causing the signal in that region to
fluctuate around the noise threshold. Without ignoring short dark times, this added many short
dark times to the list, lowering the mean dark time and leading to overestimation of the number

Figure 5.13: a) The precision of the experimental data analysed with qPAINT. b) The precision of the
experimental data analysed with FCS. Sporadically the fit of the autocorrelation function was very far off,
for one of the five measurements, causing the precision to be low. These data points are given as red stars.
From simulation we expect 90% of the results to be between the red dashed lines and 50% of the results
between the blue dotted lines.
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Figure 5.14: a) Original time trace with a long event in the last set of frames. b) Exponential fit with
large residuals. The estimated number of binding sites is 1113, whereas we expect it to be around 500 based
on the other four measurements. c) Distribution of N∗

b for the particle that gave the time trace shown in
a (red), which resulted in a low precision because of an outlier and for a particle for which all five time
traces resulted in a good fit (green).

of binding site.
In the FCS analysis, we already came across the 10% of the time trace which did not result

in a good fit, but had large residuals, which is mainly due to one significantly long event in the
time trace. An example of such a time trace is shown in figure 5.14. This means that for several
particles, one out of the five measurements clearly produced the wrong number of binding sites.
Including this measurement nonetheless resulted in a low precision. These particles are shown by
the red starts in figure 5.13b. The other particles match the predictions by simulations.

To conclude this chapter we discussed DNA-PAINT measurements on polystyrene nano par-
ticles and the results retrieved by two different analysis techniques; qPAINT and FCS. We found
a good agreement in the results of both techniques, after correcting the qPAINT results with a
correction factor found in silico. Furthermore we found a good agreement of the experimentally
found precision and the precision predicted by simulations for this specific system. We found a
better precision and a higher success rate for qPAINT for our experimental conditions. However,
the objectivity of FCS is very appealing and FCS analysis can easily be performed parallel to
qPAINT analysis to serve as an extra check.
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Chapter 6

Conclusion and Outlook

6.1 Conclusion

In this report we studied two analysis techniques to determine the number of binding sites on
nanoparticles, namely qPAINT and FCS. We started with assessing the precision and accuracy of
both techniques in silico in chapter 3 and 4. Then we compared the results from experimental
data analysed with both methods and assessed the precision.

The qPAINT data analysis for simulated and experimentally measured data is applied to time
versus intensity traces. These time traces contain intensity bursts from imager strand binding
events and a background signal, the latter originating from freely diffusing imager strands. To
identify the dark times in a time trace in qPAINT, we set a noise threshold, which is three to four
times the standard deviation of the background signal. With the mean dark time we can compute
the number of binding sites via equation 1.4, provided that we know the value of the association
constant. Often, the simulated time traces of an imager strand with a mean bright time of 2 s (or
20 frames), contained low-intensity events with intensities fluctuation around the noise threshold.
By thresholding these events are wrongly identified as several short bright and dark times, and
lead to overcounting. To correct for this effect, we have chosen to remove all dark times with a
duration of one frame. However, for the imager strand we used in our experiments, imager 1 with
a mean bright time of 0.16 s (or 1.6 frames), we omitted this processing step, because we expect
to find very little long bright times for which correcting would be necessary.

Both in silico and experimentally we found the precision to be increasing with increasing imager
strand concentration, because more events took place and hence the statistics is better. In our
in silico analysis, we were able to increase the imager concentration even more and demonstrated
the existence of a qPAINT precision sweet spot; the imager strand concentration which satisfies
τ∗d /τb = 1. For higher concentrations, too many events overlap and the number of dark times in
the time trace decreases. This caused the statistics to drop and the precision to decrease.

Background free simulations learned us that for qPAINT precision rises with increasing total
measurement time and accuracy rises with increasing camera frequency. When the camera integra-
tion time is in the same order as the dark time, we do no longer resolve a part of the dark times and
this leads to undercounting. For application of qPAINT to realistic time traces we would advise to
strife to the best achievable signal tot noise ratio in order to facilitate thresholding. Also for low
SNR (around 4) we found reasonable estimates of the number of binding sites, but the cumulative
distributions clearly showed very different events identified at low SNR. For an SNR of 20 we find
a precision higher than 0.95, and we found in silico that such an SNR is achievable in qPAINT.

Whereas qPAINT is subject to user bias because of the choice for the threshold and the cor-
rection for short dark times, FCS is a much more objective technique. We do, however, need to
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process the time traces in such a way that the intensity baseline is around zero and this was not
always a straightforward task for experimental data. In FCS the autocorrelation function of the
time trace is computed and fitted with a single exponential function. The fit contrast allows us
to compute the number of binding sites on the particle via equation 4.21. Also, with the results
from a concentration series, we can extract the association and dissociation rates as is described in
chapter 4.1.3, via the characteristic decay time of the fit. Analysis of simulated time traces with
uniform intensities demonstrated that FCS is indeed capable of extracting the kinetic parameters
and number of binding sites, over a very wide range of concentrations (10 pM - 10 nM for an
imager strand with koff = 0, 5 s−1. However, when an event intensity distribution (log-normal)
was added to the simulations, we found systematic undercounting, which was easily corrected by
an objectively derived correction factor for the same range of concentrations we could employ for
qPAINT. With the correction factor we demonstrated that overall the precision of FCS is slightly
lower than for qPAINT (10% for imager strand concentration for which τ∗d /τb = 100 down to only
2% for τ∗d /τb = 1). However, there is a clear trend that increasing imager strand concentration
leads to an increase in precision and accuracy, thus FCS does not have a imager strand concentra-
tion sweet spot. We were, however, no longer able to see any relation between concentration and
the characteristic decay time, hence we conclude that it is not possible to determine the association
and dissociation rates form FCS analysis.

Similar to what we found for qPAINT, the precision increased for longer total measurement
time. For reliable results, we should not acquire data at an integration time lower than the bright
time, because for lower integration times the precision suffers drastically. The technique however
appeared to be very robust against SNR and a SNR as low as 0.1 resulted still in a near perfect
accuracy of 0.95 and precision above 0.75. It’s robustness against low SNR is really a striking
feature of FCS.

Comparison of the analysis of the experimental results, learns the estimates of both techniques
are in good agreement. In our experiment qPAINT proved to be the more precise technique,
confirming qualitatively our in silico findings. Also, qPAINT was less affected by sporadic long
events, unless their intensities approached the noise threshold. However, since both techniques
require the same input, namely, time versus intensity traces, we advise to apply both analysis
techniques on experimental data, it will not cost much more effort or time. This serves as an
valuable extra check. If the results are not in agreement, one can recreate the experiment in silico
to try to uncover the cause of the discrepancy.

6.2 Outlook

Now we have studied the performance of qPAINT and FCS as is, how can we improve our simu-
lations and measurements?

Our first suggestion for further research is to improve the simulation by incorporating non-
specific events. In chapter 5 we came across a value of 10% of the time traces having an unex-
pectedly long binding event, which resulted in deviation from the ACF from the expected single
exponential. It would be good to study this effect of, presumable, nonspecific binding. Experi-
mentally we can observe this by functionalizing particles with a comparable docking strand with
mismatched DNA-sequence to our imager strand and measure any non-specific absorption. To
quantify this effect thoroughly, this measurement should be performed for several imager strand
concentrations. If we can extend our model to include this effect we can also try out different
strategies on how to cope with these non-specific events and thereby increase the success rate of
FCS. Alternatively we could also try to reduce non specific binding in experiments by optimizing
antifouling coatings.

Our second suggestion for further research would be to look at the effect of the event intensity
distribution on the autocorrelation function from a mathematical point of view. Can we derive
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the correction factor theoretically instead of establishing it by averaging many simulations? Once
we understand this, we might also be able to answer the following question: is there still any
information stored in the characteristic decay time? If we can find a way to use the characteristic
decay time to compute the association (and dissociation) rate, this would become a very valuable
tool in the lab. In this report we have used a literature value for the association rate which was
found on DNA-origami, but since the experimental conditions and the chemical environment of
the docking strand was different, it would be much better to calibrate the association rate directly
on particles. Since this value is important in the equation for the number of binding sites for both
qPAINT and FCS, the wrong value with result in over- or undercounting for both techniques. Only
with the correct value of the association constant can we really reliably compute the number of
binding sites in an unknown sample.

Lastly, we suggest to look into the source of the imperfect background subtraction for FCS
analysis. We have hypothesized that this might come from autofluorescence of the particles, but
we find different values from particle to particle. Finding the source could possibly help solving
the discrepancy and if so, would allow us to fully rely on the background subtraction. Background
subtraction in FCS is very important, as we have seen, a time versus intensity trace with a baseline
centered around 2 instead of 0 (which is 6.7% of the mean event intensity) can lead up to 30%
overestimation of the number of binding sites. If the background subtraction becomes completely
reliable, we can measure at an imager strand concentration for which there are constantly events,
since increasing the imager strand concentration increase precision and accuracy in FCS, hence
this would allow us to reduce the total measurement time.
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Appendix A

Glossary

A.1 Abbreviations

Abbreviation Description
ACF Autocorrelation Function
BSA Bovine Serum Albumin
DNA Deoxyribonucleic acid
EM Electron Microscopy
FCS Fluorescence Correlation Spectroscopy
FOV Field Of View
nt nucleotide
PAINT Points Accumulation for Imaging in Nanoscale Topography
PSF Point Spread Function
qPAINT quantitative PAINT
ROI Region of Interest
SNR Signal to Noise Ratio
SR Super Resolution
ssDNA single stranded DNA
STORM Stochastical Optical Reconstruction Microscopy
TIR Total Internal Reflection

74



A.2 Symbols

Symbol Description
A Fit contrast of the autocorrelation function
C Imager strand concentration
CV Coefficient of variation
D Concentration of docking strand without imager strand bound
f Binding frequency for one binding site
F Total binding frequency
fc Camera frequency
G Autocorrelation function
I Intensity in the intensity versus time trace
koff Dissociation rate
kon Association constant
n Noise threshold factor in qPAINT
Nb True Number of binding sites
N∗b Computed number of binding sites
Noff Number of allowed off frames in qPAINT
Nt Noise threshold in qPAINT
P Probability
Pl Laser power
T Total measurement time
X Concentration of docking strand with imager strand bound
ΦX Correlation function of the concentration of docking strand with an imager strand bound
µb Mean of the background signal
µi Mean event intensity
σb Standard deviation of the background signal
σi Standard deviation of the logarithmic intensity values
σN̄∗

b
Standard deviation of the distribution of computed number of binding sites

τb Bright time
τc Characteristic decay time of the fit of the ACF in FCS
τd Dark time
τ∗d Mean dark time
` Lag time
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Appendix B

Experimental conditions

B.1 Buffers

1x Phosphate Buffered Saline (PBS) - pH 7.4 at 25◦ C

• 1 PBS tablet (Sigma Aldrich) per 200 ml MiliQ

PBS can be stored at room temperature for two weeks.

Imaging buffer C+ - pH 8.0 at 25◦ C

• 1x PBS

• 500 mM NaCl

• 0.05% Tween

pH adjustments were done with KOH. Buffer C+ can be stored at room temperature for two
weeks when freshly prepared PBS is used.

B.2 Sample preparation

Coupling docking strand to particle
For particles saturated with docking strand:

1. Mix 10 µl of the stock solution of Spherotech streptavidin coated polystyrene particles (SVP-
50-5) with 10 µ of a 50 µM docking strand solution (dilutions made in PBS) and incubate
on a rotating fin for at least 15 minutes.

2. Add up to 200 µl PBS to the particle/docking strand solution, mix by vortexing and cen-
trifuge at 14.500 rpm for ten minutes.

3. Remove supernatant.

4. Repeat step 2 and 3 another two times.

5. Resolve the particles in 200 µl PBS, mix by vortexing

Store the functionalized particles up to two weeks at 7◦C.

For particles with a few hundreds of binding sites:
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1. Mix 10 µl of the stock solution of Spherotech streptavidin coated polystyrene particles (SVP-
50-5) with 10 µ of a 40 nM docking strand solution (dilutions made in PBS) and incubate
on a rotating fin for 15 minutes.

2. Add up to 200 µl PBS to the particle/docking strand solution, mix by vortexing.

Store the functionalized particles up to two weeks at 7◦C.

Assembling flow cell
Use one #1.5 coverslip with a length between 20-30 mm for the bottom, the side that will be in

contact with the oil-objective of the microscope. For the top coverslip any choice is fine, provided
that it is transparent and long enough to be positioned on the microscope stage. The slides are
then cleaned, according to

1. Rinse with isopropanol, ethanol and methanol. Dry the slides with a stream of N2 between
successive rinsing steps.

2. Sonicate the slides in methanol in an ultrasonic cleaner for 15 minutes. Dry afterwards with
a stream of N2.

3. Clean the slides for 30 minutes in a plasma cleaner.

Slides must be cleaned each day prior to experiments.
Two strips of double sides tape are taped to the clean surface of the top coverslip, leaving a

strip with a width around 5 mm exposed. Then the cleaned surface of the bottom glass attached
to the double sided tape to complete the flow cell.

Introducing particles and imager
A small volume of functionalized particles is pipetted into the flow cell. The flow cell is in-

cubated with the #1.5 coverslip at the bottom for 15 minutes. Then the unbound particles are
washed away with PBS, with a total washing volume of at least 5 times the flow cell volume.

By washing also the imager strand solution (a dilution made in buffer C+) is introduced in the
sample.

Once under the microscope it is established that the sample gives the right amount of signal,
the flow cell is sealed with nail polish to prevent evaporation.

B.3 Alternative measurement preparations

If the experiment requires a concentration series on the same FOV, we can also use stick-on flow
cells, which have an inlet that can be connected to a reservoir and an outlet that can be connected
to a pump. This has been tested and found to be compatible with the ONI.
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