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Abstract

Fluorescence methods offer extraordinary sensitivity and specificity, and
are extensively used in the life sciences. In recent years, super resolution
fluorescence imaging techniques have developed strongly, uniquely
combining ~10 nm sub diffraction resolution and specific labeling with
high efficiency. This thesis explores this potential, with a major focus on
Stimulated Emission Depletion, STED, microscopy, applications thereof,
image analyses and simulation studies. An additional theme in this thesis
is development and use of single molecule fluorescence correlation
spectroscopy, FCS, and related techniques, as tools to study dynamic
processes at the molecular level.
In paper I the proteins cytochrome-bo3 and ATP-synthase are studied
with fluorescence cross-correlation spectroscopy, FCCS. These two
proteins are a part of the energy conversion process in E. coli, converting
ADP into ATP. We found that an increased interaction between these
proteins, detected by FCCS, correlates with an increase in the ATP
production. In paper II an FCS-based imaging method is developed,
capable to determine absolute sizes of objects, smaller than the resolution
limit of the microscope used. Combined with STED, this may open for
studies of membrane nano-domains, such as those investigated by
simulations in paper VII.
In paper III and paper IV super resolution STED imaging was
applied on Streptococcus Pneumoniae, revealing information about
function and distribution of proteins involved in the defense mechanism
of the bacteria, as well as their role in bacterial meningitis. In paper V,
we used STED imaging to investigate protein distributions in platelets.
We then found that the adhesion protein P-selectin changes its
distribution pattern in platelets incubated with tumor cells, and with
machine learning algorithms and classical image analysis of the STED
images it is possible to automatically distinguish such platelets from
platelets activated by other means. This could provide a strategy for
minimally invasive diagnostics of early cancer development, and deeper
understanding of the role of platelets in cancer development.
Finally, this thesis presents Monte-Carlo simulations of biological
processes and their monitoring by FCS. In paper VI, a combination of
FCCS and simulations was applied to resolve the interactions between a
transcription factor (p53) and an oncoprotein (MDM2) inside live cells.
In paper VII, the feasibility of FCS techniques for studying nanodomains in membranes is investigated purely by simulations, identifying
the conditions under which such nano-domains would be possible to
detect by FCS. In paper VIII, proton exchange dynamics at biological
membranes were simulated in a model, verifying experimental FCS data
and identifying fundamental mechanisms by which membranes mediate
proton exchange on a local (~10nm) scale.
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Sammanfattning
Fluorescensmetoder, som med enastående känslighet och specificitet, har
ett brett spektrum av tillämpningar inom biovetenskap. Under senare år
har superupplösande fluorescensmikroskopi blivit allt mer utbrett för
studier av biologiska processer. Med ~10 nm upplösning och hög
inmärkningspecificitet gör det till ett kraftfullt verktyg för att studera
biologiska processer på molekylär nivå.
Denna avhandling fokuserar främst på Stimulated Emession Depletion,
dvs STED-mikroskopi, och dess användningsområden. En stor del av
avhandlingen behandlar också simuleringsstudier. Ytterligare ett tema i
avhandlingen är utveckling och användning av single molecule
fluorescence correlation spectroscopy, FCS.
I arbete I studeras interaktionen mellan Cytochrome-bo3 och ATPsynthase. Dessa är membranproteiner som är en del av processen för ATP
produktion och, därigenom energi omsättningen i E. coli. Interaktionen
mellan dessa två proteiner studerades med fluorescence crosscorrelation spectroscopy, FCCS i modellmembran. Vi fann att en högre
spatiell interaktion mellan dessa proteiner korrelerar med en högre
aktivitet av ATP-produktion.
I arbete II presenteras en ny bildanalysmetod, baserad på den
tidigare metoden inverse-FCS, som kan används för att bestämma
absoluta storlekar, under upplösningsgränsen för det använda
mikroskopet. Denna metod kombinerat med STED kan eventuellt
användas för att detektera nanodomäner med liknande storlekar som de
som undersökts genom simuleringar i arbete VII.
I arbete III och arbete IV används STED-mikroskopi för att studera
Streptococcus Pneumoniae. Där undersöks på molekylär nivå
funktionalitet och distrubution av proteiner som är involverade i
bakteriens försvarsmekanismer såväl som deras roll i bakteriell meningit
(hjärnhinneinflammation).
I arbete V används STED-mikroskopi för att undersöka
proteindistrubution i trombocyter vid aktivering genom cancerceller.
Genom att kombinera STED med maskininlärningsalgoritmer, såväl som
klassisk bildanalys, visar vi att det är möjligt att automatiskt särskilja
tumöraktiverade trombocyter från trombocyter aktiverade på annat vis.
Dessa resultat skulle kunna leda till ett minimalt invasivt verktyg för att
diagnostisera tidig cancerutveckling samt en djupare förståelse för den
roll som trombocyter spelar för cancerutveckling.
Till sist är ytterligare en stor del av avhandlingen baserad på MonteCarlo simuleringar av biologiska processer och FCS baserade
experimentella mätningar. Vi visar att sådana simuleringar kan i viss mån
förklara experimentellt erhållna resultat i arbete VI och arbete VIII.
Samt, i arbete VII genom simuleringar, vad som kan förväntas från
experimentella FCS-mätningar på nanodomäner i membran.
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Chapter 1
Introduction
1.1 Short history of microscopy
Microscopy is the scientific technical field to study objects too
small to be seen with bare eyes. The word microscope is derived
from the Greek words micros, meaning “small”, and skopein,
meaning “to see” or “look”. Historically the development of the
microscope might be traced back all the way to ancient Egypt
where there is some evidence in hieroglyphically writing that
optical magnification was achieved with simple glass lenses as
early as 800 B.C. [1]. However, microscopy in the modern sense, as
an instrument used to study the world existing at length scales
beyond the limitations of the human eye was not developed until
almost two and a half millennia later. In many ways a microscope
is just an inverted telescope. If you look through a telescope in the
“wrong direction” and place an object in close proximity of the eye
piece the image of the object will appear magnified just as in a
microscope (This can be easily verified with common commercial
binoculars). Therefore the invention of the microscope has
historically been attributed to Galileo [2] even if there is
convincing evidence that he was not the first to build an optical
system used for studying small objects. Already in 1595 the dutch
spectacle maker Zacharias Jansen built a two lens sliding tube
system which could be used as a microscope [3]. None of his
microscopes have survived to present day but his writings and blue
prints of a microscope built for the archduke of Austria in the year
1600 is still in existence. Other contributors in the early history of
microscopy worth mentioning is the English philosopher and
polymath Robert Hooke, who is perhaps best known for his work
in mechanics and what is now known as Hooke’s Law, which
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mathematically describes the forces of a mechanical spring. He is
considered to have written the first book on microscopy in 1665
called Micrographia. This work also contained, among other
things, a detailed description of a telescope used for astronomical
observations. Hooke used a simple microscope to study biological
organisms and through this discovered the biological cell, a term
which was first coined by Hooke in Micrographia [4].
It wasn’t until 1873 that some more theoretical work and
mathematical descriptions in the field of microscopy was laid
down. This was done in the work Beiträge zur Theorie des
Mikroskops und der mikroskopischen Wahrnehmung by the
German physicist Ernst Abbe [5]. In this work the celebrated
equation now called Abbe’s diffraction limit, or just simply Abbe’s
Law, was first written down:
𝑑=

𝜆
2𝑛𝑠𝑖𝑛(𝛼)

(1)

This equation describes the smallest possible distances that can
be discerned by a (light) microscope where d is the distance
(perpendicular to the optical axis), λ is the wavelength of the light,
n is the refractive index of the optical system and α is the half cone
angle formed by the focused light from the objective. This distance
d is usually referred to as the maximum resolution that can be
achieved by any microscope operating at a given wavelength and
refractive index n.
It was believed by some in the early days of quantum
mechanics, when Heisenberg discovered the quantum mechanical
uncertainty principle in 1927 that Abbe’s diffraction limit is a
fundamental physical law and therefore it cannot be broken [6].
Abbe’s Law means that the best possible resolution for a (light)
microscope in the visible spectrum is about 200 nm (roughly half
the wavelength of visible light). If used for studying biological
samples this resolution is generally adequate since cells and
bacteria are in the size range of 1- 10’s of micrometers. However,
there are mechanisms and machine work happening on the
molecular level inside the cells. This kind of processes take place at
much smaller length scales, usually in the range of 1-10’s of
nanometers, i.e. one order of magnitude below the best possible
resolution of a microscope. So in order to get a better and more
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detailed understanding of biological processes a conventional
microscope with its diffraction limited resolution is not enough.
This brings the need of developing microscopy which breaks the
resolution limit as stated by Abbe’s Law and can discern length
scales in the nanometer range. As it turns out there are actually
several ways of achieving microscopy with a resolution below the
diffraction limit. This field is generally referred to as super
resolution microscopy or nanoscopy [7].
1.2 Fluorescence
When the transit of an electron in an atom or molecule, from a
higher energy orbital to a lower one, results in an emission of a
photon it is referred to as luminescence [8]. The reverse process
can also occur: an atom or molecule can absorb a photon resulting
in an electron transition from a lower to a higher energy state. If
the absorption is followed by emission of photons, as the atom or
molecule relaxes back to a lower energy state, the process is
referred to as photo-luminescence [8]. Fluorescence is a special
case of photo-luminescence, in which a molecule is excited from its
ground singlet electronic state S0 to a higher singlet state S1 by
absorption of a photon of a certain wavelength, 𝜆0 , followed by
spontaneous emission of a photon with a longer wavelength
𝜆1 > 𝜆0 as the molecule relaxes back to the ground state, i.e. the
emitted photon has a lower energy than the absorbed photon. This
process is illustrated in a Jablonski diagram in Figure 1.
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Figure 1. Jablonski diagram for a excitation-emission cycle in a fluorophore, including also
possible transitions to and from the lowest triplet state, T. The finer lines in the states S0, S1
and T represent the vibrational energy levels of each state. The molecule is initially in the
ground state S0. Upon absorption of the photon λ0 the molecule is excited to S1. Energy is
dissipated via vibrational relaxation within S1, before the molecule relaxes back to the S 0
and emits a photon with wavelength λ1> λ0. If a spin-flip occurs for one of the electrons
populating the orbitals involved in the excitation-emission cycle the molecule can undergo
intersystem crossing (ISC) into a transient (triplet) state T. When relaxing back from T to S 0
it can occur as a non-radiative transition, or a photon might be emitted (phosphorescence).
However, phosphorescence is typically quite weak compared to fluorescence, and is not so
frequently used as a read-out parameter. Typically, and in our context, T can therefore be
considered a ‘dark state’.

The difference in wavelength between the absorbed photon and
emitted photon is called Stokes shift and is a key factor for
fluorescence microscopy since it makes it possible to spectrally
filter out the emission light from the excitation light, resulting in a
very low background [9]. This is a one of the reason for the very
high sensitivity of fluorescence methods, together with low
background and high signal. It is also possible to label specific
molecules with fluorescent markers, e.g. proteins with
fluorescently labeled antibodies. Such fluorescent markers are
commonly called fluorophores. The possibility to label specific
molecules with fluorophores, with a very high specificity,
combined with the high sensitivity of fluorescence is perhaps the
most important advantage of fluorescent methods and makes
single molecule detection (SMD) of specific molecules possible (for
example in imaging).
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The reason for the Stokes shift is that the states S0 and S1 are
split into finer vibrational states. While the excited electron is
residing in S1 it can dissipate energy by going into lower vibrational
energy states within the S1 state. In the transition back to the S0
state it can end up in a higher vibrational state within S0 before
dissipating energy through the vibrational states back to the
ground state. This result in a slightly lower energy difference
compared to the excitation transition and thus the wavelength of
the emitted photon is longer. The average time the molecule stays
in the excited S1 state before relaxing back to S0 is called the
fluorescence lifetime and is for organic fluorophore molecules
typically in the order of 1-10 ns.
It is important to note that the transition from S0 to S1 maintain
the spin configurations of the electrons involved in the transition.
This spin configuration is typically a singlet spin state. It is
possible however for the electron in its excited state to flip its spin,
resulting in a triplet spin state, T (usually just called triple state).
This process is called intersystem crossing ISC. The triplet state
has a slightly lower energy than S1 and has usually a much longer
lifetime, μs-ms, due to the need of a second spin flip in order to
relax back to S0. If the transition from T to S0 results in the
emission of a photon this process is called phosphorescence.
However, the transition from T to S0 can also be non-radiative and
usually the phosphorescence is very weak compared to
fluorescence and the triplet state is therefore usually referred to as
a dark state. The possibility for a fluorophore to go into a dark
state is typically an unwanted feature of a fluorophore. However,
there are techniques that take advantage of these dark states
(especially the triplet state) such as TRAST measurements
(TRAnsient STate measurements) [10].
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2.1 Confocal Laser Scanning Microscopy
Confocal Laser Scanning Microscopy, abbreviated CLSM and
commonly referred to as just ’confocal microscopy’, was invented
already in 1957 and patented in 1961 [11],[12]. However, it was not
until the breakthrough of lasers in the 1980’s that successful
confocal microscopes were constructed. Nowadays, CLSM is
perhaps the most widely used technique for fluorescence
microscopy of biological samples [13], [15]. CLSM is also the basis
for STED microscopy. A schematic outline of a CLSM is shown in
Figure 2.

Figure 2. Schematic outline of a confocal laser scanning microscope. The direction of the
laser light is from the laser to the sample. The direction of the fluorescent light is from the
sample to the detector. A computer is connected to the detector to process the information
from the detector and the image is displayed on the computer monitor (typically in real
time). Either the sample (stage scanner) or the laser beam (beam scanner) is canned over
the sampled to construct the image. This simple outline omits additional mirrors, filters and
other optical components that are usually present in a real CLSM setup.
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As the name indicates, a laser is used as an excitation source. In
order to reach the diffraction limit, i.e. the maximal resolution, the
laser should be single mode [14]. The laser beam is collimated and
expanded so that the beam width matches the size of the back
aperture of the objective (see beam expander in Figure 2). The
laser beam is guided into the objective and focused by the objective
into a so-called detection volume. Within the detection volume
fluorophores can get excited and the emitted fluorescence is
collected by the same objective and redirected to the detectors via a
dichroic mirror. The detectors can be, avalanche photodiode
(APD’s) or photo multiplying tubes (PMT’s), among others [14],
[15]. Nowadays, APD’s are preferred for their superior single
photon detection sensitivity but PMT’s are also commonly used in
CLSM.
Even if the dichroic separates the fluorescence from the
excitation light it is still necessary to put optical emission filters in
front of the detector to filter out any stray light from the light to be
detected. A key component in the CLSM setup is the confocal
pinhole, located in the back focal plane of the objective. This
pinhole will effectively cut off any fluorescence that stems from
out-of-focus excitation (i.e. fluorophores being excited outside of
the detection volume), thereby increasing the signal-to-noise ratio
significantly, and making 3D imaging possible by segmental
scanning in the z-direction. Since the detected fluorescence is
emitted from a spatially confined detection volume, either the
sample or the laser beam has to be scanned over the sample. In
this way, the fluorescence is detected from different locations,
corresponding to the different pixels in the recorded images, and
hence the word ’scanning’ in confocal laser scanning microscopy.
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2.2 Stimulated Emission Depletion Microscopy
One drawback of confocal microscopy is that the resolution is
diffraction limited to about ~200 nm (in the best case). However,
there are several ways to circumvent the diffraction limit such as
localization microscopy (PALM, STORM), structured illumination
microscopy (SIM) and Stimulated Emission Depletion (STED)
[15]. In this thesis it is STED that has been used to achieve super
resolution imaging. The theory of STED microscopy was presented
already in 1994 by Stefan Hell [16] and was first experimentally
demonstrated in his lab in 1999 [17]. For this, he was awarded the
Nobel Prize in chemistry in 2014.

Figure 3. A Jablonski diagram describing stimulated emission. When a molecule is in its
excited state S1 an incoming photon can stimulate the molecule back to the ground state S0.
When this happens the molecule will emit a photon. This photon is identical to the incoming
photon in every way (phase, polarization and wavelength). B The STED laser is a second
laser, with a beam overlaid onto that of the excitation laser. The STED laser beam is guided
through a vortex phase plate, which creates a destructive interference in the center of this
beam. The STED laser beam will the deplete everything with stimulated emission, except in
the center of the laser beam. This will effectively decrease the volume from which
fluorescence is generated, and thereby increase the resolution.
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The principle of STED microscopy is based on stimulated
emission. That is, when a fluorophore is in its excited state S 1 it can
be stimulated back into the ground state S0 by an incoming
photon. Upon doing so the fluorophore will emit an identical
photon as the photon that depleted the fluorophore back to S0 [18].
The stimulated emission process is shown schematically in Figure
3A. A requirement for stimulated emission to occur is that the
wavelength of the depletion photon must overlap with the emission
spectrum of the fluorophore. A STED microscope can then be
realized as a confocal microscope with an additional depletion
laser, a so-called STED laser. The STED laser beam is overlapped
with the excitation laser beam but its intensity profile is shaped
differently, typically into a donut shape, by passing the beam
through a vortex phase plate, as illustrated in Figure 3B [19]. This
donut-shaped laser beam will then deplete the excited
fluorophores in the confocal detection volume, except at locations
close to the intensity minima of the donut profile. This will
effectively decrease the volume in which fluorescence can be
generated, i.e. the detection volume, in the radial direction [20]. By
choosing a STED laser with a wavelength in the far red-shifted part
of the emission spectrum of the fluorophore the stimulated
emission, as well as scattered STED light can be effectively filtered
out in the detection path.

STED instrumentation
In paper II a home-built dual-color STED microscope was used,
which is described in great detail in [21]. In papers III, IV and V
the STED setup used was a dual color STED microscope from
Abberior Instruments (Göttingen, Germany), modified to fit our
requirements and purposes. A schematic representation of the
Abberior STED microscope is shown in Figure 4.
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Figure 4. Schematic outline of the Abberior STED instrument used in this thesis. The
abbreviations in the figure are as follows: M = mirror, DM = dichroic mirror, VPP = Vortex
Phase Plate, PBS = Polarizing Beam Splitter, λ/4 = polarization plate to change the laser
beams into circular polarization.

The STED instrument is built on a stand from Olympus (IX83),
with a four-mirror beam scanner (Quad scanner, Abberior
Instruments). Two fiber-coupled, pulsed (20 MHz) diode lasers
emitting at 637 nm (LDH-D-C, PicoQuant AG, Berlin) and 594 nm
(Abberior Instruments) are used for excitation (alternating mode,
with the excitation pulses of the two lasers out of phase with each
other to minimize cross-talk). The beam of a pulsed fiber laser
(MPB, Canada, model PFL-P-30-775-B1R, 775 nm emission, 40
MHz repetition rate, 1,2 ns pulse width, 1,2W maximum average
power, 30 nJ pulse energy) is reshaped by a phase plate (VPP-1c,
RPC Photonics) into a donut profile and then used for stimulated
emission. The three laser beams are overlapped and then focused
by an oil immersion objective (Olympus, UPLSAPO 100XO, NA
1,4) into the sample. The fluorescence is collected through the
same objective, separated from the excitation path via a dichroic
mirror, passed through a motorized confocal pinhole (MPH16,
Thorlabs, set at 50 μm diameter) in the image plane, split by a
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dichroic mirror and then detected by two single photon counting
detectors (Excelitas Technologies, SPCM-AQRH-13), equipped
with separate emission filters (FF01-615/20 and FF02-685/40–25,
Semrock) and a common IR filter (FF01-775/SP-25, Semrock) to
suppress any scattered light from the STED laser. In this study, a
spatial resolution (FWHM) of less than 25 nm could be reached
under optimal conditions (here optical conditions means, among
other things: bright and photostable fluorophores, careful
alignment of all optical components, no drift or vibrations in the
sample or stage etc). Image acquisition, including laser
timing/triggering and detector gating is controlled via an FPGAcard and by the Imspector software (Abberior Instruments).
The resolution for STED imaging is commonly stated by the
modified Abbe’s Law, also referred to as the so-called depletion
formula [22].
𝑑=

𝑑𝐶𝑂𝑁𝐹
𝑃
√1+ 𝑃𝑆𝑇𝐸𝐷

(2)

𝑆𝐴𝑇

Where 𝑑𝐶𝑂𝑁𝐹 is typically taken to be the full width at half
maximum (FWHM) diameter of the detection spot, at the focal
point perpendicularly to propagation axis of the excitation light,
and is basically given by Abbe’s Law. 𝑃𝑆𝐴𝑇 is the saturation power
of the STED laser beam for which the probability for spontaneous
emission is reduced by half [22] and 𝑃𝑆𝑇𝐸𝐷 is the power of the
STED laser. The saturation power can be obtained from a
depletion curve where the detection spot size is measured at
different STED laser powers (e.g. by STED-FCS or by imaging a
sample of immobilized fluorescent nano-beads) and then fitted
with the depletion law, with PSAT as a fitting parameter, as shown
in Figure 5.
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Figure 5. A FWHM plotted as a function of STED power at laser output. The FWHM was
measured with STED-FCS on supported lipid bilayers, SLB, consisting of DOPC-lipids with
freely diffusing DPPE-lipids labeled with Atto594 (ratio of labeled DPPE to DOPC was
1:20000). The data was fitted with Equation 9 with α=1 in order to extract the diffusion time
and calculate FWHM (See Chapter 2.3 and 2.5). B Lifetime measurement of fluorophore
Atto594 when STED laser is applied. The depletion of the STED laser can be clearly seen as
a fast dip in the beginning of each lifetime curve. To obtain best STED data the lifetime data
is gated and only photons between the gray areas in the plot is used for calculations. The
difference in resolution between ungated data (all photons) and the gated data can be seen
in A.

In order to achieve high resolution the STED power has to be
increased. In this sense the resolution is theoretically unlimited.
However, in reality the STED power cannot be increased
indefinitely. The practical power is limited by, among other things,
factors such as photobleaching, multi photon excitation and
phototoxicity [23], [24] when imaging live cells. Also, because of
the square root dependence on the STED power, the resolution
increase is rather modest when increasing the STED power; a twofold resolution increase would require close to a four-fold increase
in STED power. So to achieve as high as possible resolution by just
increasing the STED power is not a very feasible approach.
Therefore there is a maximum power that is practical for a certain
STED measurement, considering experimental conditions (e.g. live
cells, photo stability of fluorophores etc), and which set an upper
limit for the maximally attainable resolution according to the
depletion formula. However, regardless of the STED power used
for a STED measurement, there are a few other factors that can be
optimized in order to increase resolution as well as contrast and/or
brightness, which might be equally as important for successful
STED recordings. The most important factor is that the destructive
interference at the center of the STED laser beam is as close to
perfect as possible i.e. the center intensity should be as close to

2.2 Stimulated Emission Depletion Microscopy
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zero as possible. This is achieved by having circular polarization of
the STED laser beam as well as guiding the STED laser beam
through the vortex phase plate in an appropriate angle and at the
precisely right position on the vortex phase plate. Another
important factor is refractive index matching [25]. The resolution
enhancement described by the depletion formula stems from the
ability of the STED laser beam to deplete fluorophores at the focal
point, from where the fluorescence is detected. In other words, it is
important that as much of the STED laser power reaches the focal
point. This in turn sets requirements on the medium in the sample
in which the STED laser light propagates, where an important
factor is that the refractive index of the sample matches the
reflective index of the optical path up to the sample (i.e. the
refractive index the objective is designed for) as closely as possible
in order to avoid intensity losses as well as (spherical) aberrations
and back-scattering at the interface between sample and coverslip
[25] (see also Chapter 4.1.1).
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2.3 Fluorescence Correlation Spectroscopy
Fluorescence Correlation Spectroscopy, abbreviated FCS, is a
technique that records and analyzes fluorescence intensity
fluctuations, typically detected in the detection volume of a
confocal microscope. The instrumentation is based on a confocal
microscope but instead of recording images the fluorescence signal
is recorded over time as an intensity trace I(t). This intensity trace
is then used to calculate a so called correlation function G(τ) given
by
𝐺(𝜏) =

⟨𝐼(𝑡+𝜏)𝐼(𝑡)⟩
⟨𝐼(𝑡)⟩2

=

⟨𝛿𝐼(𝑡+𝜏)𝛿𝐼(𝑡)⟩
⟨𝛿𝐼(𝑡)⟩2

+ 1.

(3)

Where ⟨⋯ ⟩ denotes time averaging, 𝜏 is the so called correlation
time and 𝛿𝐼(𝑡) = 𝐼(𝑡) − ⟨𝐼(𝑡)⟩ is the fluorescence intensity
fluctuation around the mean fluorescence intensity.
The effective detection volume, W, can be well approximated as a
3-dimensional Gaussian function as
(𝑥2 +𝑦2 )

W(𝑥, 𝑦, 𝑧) = 𝐼0 𝑒

−2

𝑤2
𝑥𝑦

𝑧2

−2 2
𝑤
𝑧

(4)

Where 𝐼0 is the laser intensity in the center of the beam focus, 𝑤𝑥𝑦
is the radial extension (or resolution) given by Abbe’s Law if
diffraction limited (Equation 1) and 𝑤𝑧 is the axial extension (axial
resolution, typically 𝑤𝑧 ~5 𝑤𝑥𝑦 ). When fluorescent molecules
diffuse in and out of the detection volume it will give rise to
fluctuations in the detected fluorescence intensity. If this diffusion
is isotropic and follows Fick's second law given by
𝑑
𝑑𝑡

𝛿𝐶(𝑥, 𝑦, 𝑧; 𝑡) = 𝐷𝛻⃑ 2 𝛿𝐶(𝑥, 𝑦, 𝑧; 𝑡)

(5)

where 𝛿𝐶 = 𝐶 − ⟨𝐶⟩ is the concentration fluctuation of the
fluorophores and 𝐷 is the diffusion constant. By solving Equation 5
and combine the solution with Equation 4 an analytical expression
for the correlation function can be obtained given by
𝐺(𝜏) =

1
𝑁

(

1

1+

𝜏
𝜏𝐷

)(

1

1+

𝜏
𝑆𝜏𝐷

1⁄2

)

(6)
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Here, 𝑁 is the average number of particles within the detection
𝑤𝑥𝑦
volume, 𝜏𝐷 =
is the diffusion time and 𝑆 is a structure
4𝐷
parameter (typically 𝑆~5) to account for the axial extension of the
detection volume. If 𝑤𝑥𝑦 and 𝑤𝑧 are known, it is the possible to
measure absolute concentrations (C = N/V) and diffusion
coefficinents (𝐷 = 4𝜏𝐷 /𝑤𝑥𝑦 ) of the studied fluorescent molecules,
by fitting the measured FCS curve with the expression in Equation
6. An example of a typical FCS measurement and a correlation
curve is shown in Figure 6.
There are other processes besides diffusion that can introduce
intensity fluctuations in the fluorescence, such as blinking,
isomerization, protonation and triplet formation [26]. These
processes usually take place on orders of magnitude shorter time
scales than the diffusion time through the detection volume. Such
processes can also be detected with FCS, and the fitting model can
be modified to account for this, as well for multiple species
diffusing and many other dynamic processes on the level of
individual molecules, giving rise to fluctuations in the detected
fluorescence intensity.

Figure 6. A typical FCS-curve measured in a lipid membrane consisting of DOPC-lipids
with a ratio of 1:20000 DPPE-lipids labeled with the fluorophore Atto594. The curve is
fitted with Equation 9 with the anomaly parameter α fixed to 1 (corresponding to twodimensional diffusion).
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2.4 Fluorescence Cross-Correlation Spectroscopy
If a dual color confocal setup is used it is possible to correlate the
intensity detected in two separate spectral ranges. This is an
extension of FCS called Fluorescence Cross-Correlation
Spectroscopy, FCCS. By denoting one detector in the setup as the
green spectral channel and the other as the red spectral channel
the cross-correlation function 𝐺𝐶𝐶 (𝜏) is computed as
𝐺𝐶𝐶 (𝜏) =

⟨𝐼𝑔𝑟𝑒𝑒𝑛 (𝑡+𝜏)𝐼𝑟𝑒𝑑 (𝑡)⟩
⟨𝐼𝑔𝑟𝑒𝑒𝑛 (𝑡)⟩⟨𝐼𝑟𝑒𝑑 (𝑡)⟩

(7)

where 𝐼𝑔𝑟𝑒𝑒𝑛 (𝑡) is the fluorescence intensity in the green spectral
channel and 𝐼𝑟𝑒𝑑 (𝑡) is the fluorescence intensity in the red spectral
channel. With FCCS measurements it is possible to estimate the
number of bound red and green molecules 𝑁𝑔𝑟 from the amplitude
of the correlation curve from
𝐺(0) =

𝑁𝑔𝑟
(𝑁𝑔 +𝑁𝑔𝑟 )(𝑁𝑟 +𝑁𝑔𝑟 )

(8)

where 𝑁𝑔 and 𝑁𝑟 are the number of unbound green and red
molecules, respectively. This equation is valid under the
assumptions that the green and red particles has the same
brightness and that there is no spectral cross-talk between the
channels. In paper I we use FCCS in Giant Unilamillar Vesicles
(GUV’s) to study the interaction between the lipid membrane
proteins cytochrome-bo3 and ATP-synthase. Since they are
diffusing in a membrane it is a 2D diffusion but the relation in
Equation 8 still holds.
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2.5 STED-FCS
Since FCS measurements are typically performed on confocal
setups this technique can also be combined with STED. This
variant of FCS is called STED-FCS. The advantage of STED-FCS is
that it is possible to shrink the radial extension of the detection
volume, beyond the diffraction limit, according to the modified
Abbe’s Law (Equation 2). This makes it possible to study diffusion
on nm length scales and detect anomalous diffusion , such as
hindered diffusion or hopping diffusion, which might occur on
sub-diffraction length scales [27]. The STED microscope used in
our experiments offers resolution increase in the radial, but not in
the axial dimension, which however is fully sufficient to measure
2D diffusion (it should be noted that STED-FCS is difficult both for
3D and 2D measurements), for example of lipids and/or
membrane proteins diffusing in a plasma membrane. This is not
necessarily a big limitation, since many of the interesting biological
processes occur on sub- diffraction length scales in membranes.
STED-FCS can therefore be a very powerful technique to study
such processes [28]. The fitting model for anomalous 2D diffusion
is slightly modified compared to equation 3, and is given by
𝐺(𝜏) =

1
𝑁

1
(1+

𝜏
)
𝜏𝐷

𝛼

(9)

where 𝛼 is an anomalous parameter (𝛼 =1 for free diffusion 𝛼 ≠1
otherwise) and 𝜏𝐷 = 𝑤𝑆𝑇𝐸𝐷 /4𝐷 where 𝑤𝑆𝑇𝐸𝐷 is now the 1/e2 radial
extension of the sub diffraction detection area.
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Monte-Carlo simulations represent a class of computer
simulations, which are useful when there are no analytical
solutions, or when experimentation is not possible, too timeconsuming, or just impractical [29]. In Monte-Carlo simulations a
probabilistic approach is implemented in order to estimate
mathematical functions or behavior of complex systems [29]. In
short, the Monte-Carlo algorithm is usually an iterative process
where random numbers are sampled from probability density
functions, PDF’s, for each iteration. The system to be simulated
can then be modeled as one or more PDF’s. For example, if an
event within a process can occur with a given probability and PDF
the computer samples a random number from the same PDF and
check whether or not the event occurs based on the sampled
random number. If the number of iteration is large enough, results
from such simulations can be a good estimation of the simulated
system. Thus, Monte-Carlo simulations does not give exact
solutions and can be computational heavy, but can still be a good
tool to investigate e.g. biological processes, which can be very
complex systems.

3.1 Monte-Carlo simulation for Brownian motion and FCS
measurements
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3.1 Monte-Carlo simulation for Brownian motion and
FCS measurements
In this thesis, we applied a procedure to simulate free diffusion, i.e
Brownian motion, in which first a fixed number of particles, N, are
defined. Each particle is then assigned a position (x,y,z) randomly
distributed with a uniform probability within a box with side
length L. The diffusion is then simulated by iterating the positions
of all particles. For each iteration, the position for every particle
changes to a new position given by

(𝑥𝑛𝑒𝑤 , 𝑦𝑛𝑒𝑤 , 𝑧𝑛𝑒𝑤 ) =
(𝑥𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 , 𝑦𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 , 𝑧𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 ) + √2𝐷𝑑𝑡 ∙ 𝑟𝑎𝑛𝑑𝑛

(10)

Where 𝐷 is the diffusion coefficient, 𝑑𝑡 is the time step for each
iteration, and 𝑟𝑎𝑛𝑑𝑛 is a function that generates three Gaussiandistributed random numbers with zero mean and standard
deviation 1. This generates a random walk for all the particles,
which mimics diffusion with a diffusion coefficient D [30].
Boundary conditions are typically periodical, i.e. if a particle
diffuses outside of the boundary of the simulation box, it will enter
the box at the opposite side from where it left. To simulate
diffusion in two dimensions the approach is identical, except that
each particle’s position has only two coordinates (x,y) and the
simulation box is two-dimensional.
For FCS simulations, the fluorescence has to be collected from
all the particles inside the box, at each iteration, to create the
intensity trace I(t). The fluorescence signal from each particle is
modeled by a three-dimensional Gaussian function, to
approximate the diffraction limited detection volume of a real
setup, and proportional to the probability to detect fluorescence
from a particle at a certain location within this volume. Therefore
at the end of each iteration, the fluorescence signal I(t) is
calculated from the position of all the particles and a Gaussian
intensity distribution, centered at the middle of the simulation box,
as
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𝑁

𝐼(𝑡) = Poisson [ ∑ 𝐼0 𝑒
𝑖=1

2

2

(𝑥 −0.5𝐿)
(𝑦 −0.5𝐿)
(𝑧 −0.5𝐿)
−2 𝑖 2
−2 𝑖 2
−2 𝑖 2
𝑤

𝑤

𝑤𝑧

2

]

(11)

where I0 is the particle brightness (when in the center of the
detection volume), w= λ/2NA (see Chapter 1.1, Equation 1) is the
1/e2 extension of the diffraction-limited detection volume, with λ
denoting the excitation wavelength and NA is the numerical
aperture of the microscope objective. The ’Poisson’-function
generates a Poisson-distributed random number with a mean value
given by the sum within the brackets. This takes into account the
photon noise, which is Poisson-distributed in its nature [3]. In the
simulations, the time is given by t = dt*M, where M is the M’th
iteration. This intensity trace can then be analyzed in the same way
as fluorescence intensity traces obtained from experimental FCS
measurements.
To simulate cross-correlation measurements, two spectral
detection channels are needed in the simulations, and IRed(t) and
IGreen(t) are separately calculated, as above. Furthermore, three sets
of particles must be present: One set of diffusing particles for the
red channel, one set of diffusing particles for the green channel
and one set of particles which belongs both to the green and the
red channel in order for cross-correlation to occur.
To avoid that the periodic boundary conditions affect the result
of the simulation, it is important that the simulation box is much
larger than the size of the detection volume. This is typically
achieved when 𝐿 > 10 ∙ 𝑤 for every x, y, z-direction.
It is also important that the time step, dt, is small enough,
typically 𝑑𝑡 < 𝑤 2 /𝐷 . However, the smaller dt, the better the
approximation of the diffusion but the computational cost will
increase. So a tradeoff between a small dt and computational time
has to be taken into account for this kind of simulations.
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3.2 Monte-Carlo approach for rate equations
In paper VIII a protonation process is described by rate
equations, and investigated using Monte-Carlo simulations. Here,
the approach of such simulation is described.
Consider a simple rate equation where the compound X can
react to form compound Y with the rate k1. Compound Y can also
react back to X with rate k2. This is described by the rate equation,
𝑘1

𝑋 ⇄ 𝑌.

(12)

𝑘2

To analyze how the concentration of each compound depends on
time this can also be written as a set of differential equations given
by,
𝑑[𝑋]
𝑑𝑡

𝑑[𝑌]
𝑑𝑡

= −𝑘1 [𝑋] + 𝑘2 [𝑌]

(13)

= −𝑘2 [𝑌] + 𝑘1 [𝑋].

(14)

Where [X] and [Y] are the concentration of each compound. These
equations can be solved analytically. The solutions are,
[𝑋](𝑡) =

[𝑋](𝑡) =

[𝑋]0
𝑘1 +𝑘2

[𝑌]0
𝑘1 +𝑘2

[𝑘2 + 𝑘1 𝑒 −(𝑘1 +𝑘1 )𝑡 ] +

𝑘2 [𝑌]0

[𝑘1 + 𝑘2 𝑒 −(𝑘1 +𝑘1 )𝑡 ] +

𝑘1 [𝑋]0

𝑘1 +𝑘2

𝑘1 +𝑘2

[1 − 𝑒 −(𝑘1 +𝑘2 )𝑡 ]

(15)

[1 − 𝑒 −(𝑘1 +𝑘2 )𝑡 ]. (16)

Where [X]0 and [Y]0 are the initial concentrations of each
compound at t=0.
However, this can also be simulated with a Monte-Carlo
method. If the reaction rates k1 and k2 are interpreted as the
number of times a reaction occurs per unit time the product k∙dt
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can be interpreted as the probability for the reaction to occur
within the time interval dt, if dt is small enough.
Before the simulation starts the initial concentrations [X]0 and [Y]0
are defined as the number of X particles and Y particles divided by
the total number of particles, i.e. X+Y. Then, for each iteration, two
uniformly distributed random numbers between 0 and 1 are
𝑘1

sampled, p1 and p2. If p1<k1dt the reaction 𝑋 → 𝑌 occurs and X is
reduced with one particle and Y is increased with one particle. On
𝑘2

the other hand, if p2<k2dt the reverse reaction 𝑋 ← 𝑌 occurs, X is
increased with one particle while Y is decreased with one particle.
By iterating this over several time steps the time dependence of
the concentrations can be approximated. In Figure 7 the result of a
Monte-Carlo simulation of the reaction in Equation 12 is compared
to the analytical solution, with dt = 10-5 s, 10-7 s and 10-9 s, k1 = 103
s-1 and k2 = 102 s-1 and with initial concentrations set to [X]0=200
and [Y]0= 50 a.u.
As can be seen in Figure 7 the simulation result approximates
the analytical solution to a better degree, as the number of time
steps increases, see details for this particular simulation in caption
to Figure 7.

Figure 7 Monte-Carlo simulation of the rate equations in Equations 13 and 14 with, k1=103
s-1 and k2=102 s-1 and the initial concentrations where set to [X]0=0.8 and [Y]0=0.2 a.u. Black
lines show the analytical solution (Equations 15 and 16). Green lines is a simulation with dt
=10-5 s-1, red lines is with dt=10-7 s-1 and blue lines is with dt=10-9 s-1.
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Chapter 4
Results
The results are divided into three parts:
4.1 FCS applications, which include the work in papers I and II.
4.2 STED imaging - applications and image analysis, which include
the work in papers III, IV and V.
4.3 Simulation studies, which include the work in papers VI, VII
and VIII.

4.1 FCS applications
4.1.1 FCS and FCCS in GUVs - Cytochrome-bo3 and ATPsynthase (Paper I)
A key step in the energy conversion of the cell is the conversion of
ADP to ATP. This is done by the membrane protein ATP-synthase
[31]. For this process to occur there must be an electro-chemical
gradient over the membrane that is used by the ATP-synthase. This
electro-chemical gradient is created by proton-pumping proteins.
In paper I we used the proton pumping membrane protein
cytochrome-bo3 (cyt-bo3) and ATP-synthase, purified from E. coli
bacteria and reconstituted in lipid vesicles as a minimal model that
is able to produce ATP [32], [33].
FCCS measurements
Interactions between cyt-bo3 and ATP-synthase were investigated
with FCS and FCCS measurements. The two proteins were labeled
by fluorescent probes Atto594, Atto647N or Abberior STAR635
and co-reconstituted in large (diameter ≅ 100 nm) or giant
(diameter ≅ 10 μm) unilamellar lipid vesicles. The large
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unilamellar vesicles, LUV’s, were used for measurements of the
ATP-synthesis activity, driven by the proton pumping of cyt-bo3,
referred to as the “coupled activity” of cyt-bo3 and ATP-synthase
(details can be found in e.g. [32], [33]).
The FCCS measurements were performed in giant unilamellar
vesicles, GUV’s, which can act as a model membrane system [34]
and for which it was possible to vary the lipid composition. The
GUV’s
were
composed
of
DOPC-lipids
(dioleoylphosphatidylcholine, zwitterionic phospholipid), with different
fractions
of
DOPG-lipids
(dioleoyl-phosphodyl-glycerol),
phospholipid with negative charge) to investigate how the lipid
composition affected the ATP-synthase–cyt-bo3 interaction in the
FCCS-measurements.
The GUV’s were immobilized to the surface of a microscope
coverslip by adding 1% DPPE-biotinyl (1,2-dioleoyl-sn-glycero-3phosphoethanolamine-N-biotinyl) in the lipid mixture where
biotinyl binds to streptavidin coated coverslip. The FCS
measurements were performed with the laser beam parked on the
top of the GUV’s so that diffusion in the membrane could be
monitored. Fluorescence from Atto594 is referred to as the ‘green’
detection channel and fluorescence from Atto647N is referred to as
the ‘red’ detection channel, Figure 8.

Figure 8. Confocal scanning microscope images of a GUV in which two fluorophorelabeled
proteins were reconstituted. A Detection of cyt-bo3 labeled with Atto647N. The focal plane is
at the middle of the vesicle. B Detection of ATP-synthase labeled with Atto594. C Combined
image of Atto594 and Atto647N detection. D An image of the top of the vesicle, which was
set as the location of the focal plane in the FCS measurements.
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4.1.1 FCS and FCCS in GUVs - Cytochrome- bo3 and
ATP-synthase (paper I)

The FCS and FCCS measurements were analyzed as described in
Chapter 2.3 and 2.4. By combining Equation 6 and 8, an estimate
for the fraction of bound green and red molecules can then be
calculated from the amplitudes of the cross-correlation curve
(𝐺𝐺𝑅 (0)) and the green and red autocorrelation curve (𝐺𝐺 (0) and
𝐺𝑅 (0)) as
𝑁𝐺𝑅
𝑁𝑡𝑜𝑡

=

𝑁𝐺𝑅
𝑁𝐺 +𝑁𝑅 +𝑁𝐺𝑅

=

𝐺𝐺𝑅 (0)
𝐺𝐺 (0)+𝐺𝑅 (0)−𝐺𝐺𝑅 (0)

.

(17)

Here 𝑁𝐺𝑅 , is the number of bound (green-red) molecules, 𝑁𝐺 is the
number of green molecules only and 𝑁𝑅 is the number red
molecules only within the detection area. 𝑁𝑡𝑜𝑡 = 𝑁𝐺𝑅 + 𝑁𝐺 + 𝑁𝑅 .
The fraction of 𝑁𝐺𝑅 takes on values between 0 and 1, and was used
as an indicator for the interaction between cyt.-bo3 and ATPsynthase (𝑁𝐺𝑅 /𝑁𝑡𝑜𝑡 = 0 → no interaction, 𝑁𝐺𝑅 /𝑁𝑡𝑜𝑡 = 1 → maximal
possible interaction).
Typical correlation curves, recorded from GUVs in which the
lipid composition was DOPC-lipids mixed with either 0% DOPG or
5% DOPG, are shown in Figure 9. As can be seen in Figure 9 C and
F, the amplitude of the cross-correlation curve is larger when there
is no DOPG present, indicating that the cyt-bo3 - ATP – synthase
interaction is larger in the absence of DOPG.
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Figure 9. Correlation curves measured in GUVs containing reconstituted cyt-bo3 and ATPsynthase. GUVs were composed of either 99% DOPC A–C or 94% DOPC and 5% DOPG D–
F, with the addition of 1% DPPE functionalized with a biotinyl head group. Measurements
were done at pH 7.4 in 10 mM HEPES supplemented with 10 mM NaCl and 100 mM
glucose. A, D Autocorrelation curves for samples where cyt-bo3 was labeled with either
Atto647N (red trace) or Atto594 (green trace). B, E Autocorrelation curves for samples with
cyt-bo3 labeled with Atto647N and ATP-synthase labeled with Atto594. The dashed lines
show fits of the data using Equation 9 with α=1. C, F Cross correlation curves where the
amplitude is used for calculation the interaction as in Equation 17. Here, the larger the
amplitude the stronger the interaction is.

One interesting feature that we found when we performed
measurements on GUV’s with a fraction of 1:20 000 DPPE lipids
(labeled with either Atto594 or Atto647N), and reconstituted with
only cyt-bo3 (also labeled with either Atto594 or Atto647N), was
that the degree of cross-correlation was different depending on if
the DPPE was labeled with Atto594 and cyt-bo3 was labeled with
Atto647N or if the labeling was reverse.
The occurrence of an amplitude in the cross-correlation
function means that there is interaction taking place between the
differently labeled species. As can be seen in Equation 8, if the
amplitude of the cross-correlation function is zero the number of
the differently labeled species bound together will also be zero.

4.1.1 FCS and FCCS in GUVs - Cytochrome-bo3 and
ATP-synthase (Paper I)
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In Figure 10 it can clearly be seen that there is there is a crosscorrelation amplitude when the lipid DPPE is labeled with Atto594
and cyt-bo3 is labeled with Atto647N but no cross-correlation when
the labeling is reverse. This can probably be explained by the
hydrophobicity of the dye Atto647N and this effect completely
vanished when using Abberior STAR635 instead of Atto647N. This
is also in line with previous results [35], [36], [37].
However, this could be a beneficial feature. By knowing that
Atto647N induces stronger binding interaction between cyt-bo3
and ATP-synthase, as indicated from the FCCS measurements
(FCCS amplitude was ~2 higher compared to labeling with
Abberior STAR635 and Atto594), it was also found that
measurements of coupled activity in LUV’s, as discussed at the
beginning of the chapter, increased by a factor ~3-5, compared to
controls without Atto647N (see details in paper I).
From this we could conclude that direct interaction between
cyt.-bo3 and ATP-synthase increase the coupled activity, and from
the size of the LUV’s (~100 nm in diameter) used in the
measurements of the coupled activity, and the average number of
proteins in each LUV, it was possible to estimate that lateral
proton transfer along the membrane occurs over distances ranging
up to ~80 nm. Also the FCCS measurements showed that the
direct interaction between cyt.-bo3 and ATP-synthase decreased as
the fraction of DOPG increased, suggesting that the lipid
composition might play an important role for proton transport in
the membrane. This is also further touched upon in paper VIII.
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Figure 10. FCCS curves recorded from GUVs (as described in the main text), for two
different labeling scenarios: A cyt-bo3 proteins labeled with Atto647N and lipids labeled
with Atto594. B Same as in A, but with the labeling is reversed, i.e. cyt-bo3 labeled with
Atto594 and lipid labeled with Atto647N. . As clearly seen from the FCCS curves, there is an
cross-correlation amplitude in A but not in B, indicating that cyt-bo3 labeled with Atto647N
interacts with the lipids when labeled with Atto594 but no interaction takes place when the
labeling is reversed.
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Fluorescence

Correlation

Inverse FCS is a technique for analyzing diffusing particles based
on normal FCS measurements as described in chapter 2.3, except
that instead of labeling the particles themselves, the surroundings
in which the particles are suspended, is fluorescent. In this way the
fluorescence signal is high whenever there is no particle inside the
confocal detection volume, but decreases as particles diffuse inside
the confocal detection volume. This decrease in signal is
proportional to the volume of the particle [38]. If the particles are
also labeled it is possible to cross-correlate fluorescence fluctuation
from the particles with the fluorescence fluctuations from the
surroundings, resulting in negative amplitude in the crosscorrelation curve, i.e. there is an anti-correlation, with dips in the
signal from the surrounding medium/solution correlating with
spikes in the signal from the particles themselves. The magnitude
of the amplitude of this cross-correlation curve is proportional to
the volume of the diffusing particles [39], [40].
By combining image correlation spectroscopy, ICS, [41] with
inverse-FCS it is possible to analyze particle sizes on immobile
surfaces, in paper II introduced as Scanning Inverse FCS (siFCS).
ICS is a technique which was developed to study cluster densities
in fluorescence images [41]. It is based on the ergodic principle, i.e.
scanning over a surface with immobilized randomly distributed
particles is equivalent to having a stationary beam with particles
diffusing through a confocal detection volume [42]. However, the
calculation of the correlation functions differs from normal FCS.
Since the raw data are images with distinct pixels the correlation
function will be two-dimensional and is calculated by
𝐺𝑥𝑦 (𝑘, 𝑙) =

𝑁−𝑙
𝑁2 ∑𝑁−𝑘
𝑚=1 ∑𝑛=1 𝐼𝑥 (𝑚+𝑘,𝑛+𝑘)𝐼𝑦 (𝑚,𝑛)
𝑁
(𝑁−𝑘)(𝑁−𝑙) ∑𝑁
𝑚=1,𝑛=1 𝐼𝑥 (𝑚,𝑛) ∑𝑚=1,𝑛=1 𝐼𝑦 (𝑚,𝑛)

(18)

where 𝐼𝑥 (𝑚, 𝑛) is the intensity in the image at pixel (𝑚, 𝑛) and
subscripts 𝑥, 𝑦 for two spectral channels, here referred to as red or
green. The images are assumed to be square-shaped, with the total
number of pixels in each row and column denoted by 𝑁. So the
auto-correlation functions in the green or red are obtained by
setting 𝑥 = 𝑦 = red or green, and the cross-correlation function is
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obtained by setting 𝑥 = red and 𝑦 = green (or vice-versa).
However, in order to obtain better statistics this 2D correlation
curve was transformed into a 1 dimensional correlation curve by
averaging over both rows and columns, i.e. averaging over 𝑘 and 𝑙
in Equation 10. This 1D correlation curve could then be fitted with
a Gaussian function with width and amplitude as fitting
parameters [41], [42], [43] (see Figure 6E and F) in order to obtain
the amplitude of the correlation-function. More precisely the 1D
transformation was carried out as
𝐺𝑥𝑦 (𝑠) =

1
2𝑁

∑𝑁
𝑙=1 𝐺𝑥𝑦 (𝑠, 𝑙) +

1
2𝑁

∑𝑁
𝑘=1 𝐺𝑥𝑦 (𝑘, 𝑠)

(19)

In paper II we imaged surfaces mimicking fixed cell membranes
consisting of a single layer of densely packed fluorescent nano
particles (NPs) on a glass coverslip. The majority of the NPs were
green fluorescent and mimicked labeled phospholipids (the
surroundings), and a few NPs were red fluorescent and mimicked
protein clusters or nano-domains, whose size were to be
determined. Two different sizes of NP’s were used, 250 nm and 40
nm, see Figure 6 A-D. The fixed surfaces were scanned using a
confocal or a STED-microscope, with a resolution of about 270 nm
and 40 nm respectively.
From the theory of inverse-FCCS, the relation between the
particle area 𝐴𝑝 (i.e. the area of the red NP’s) and the amplitude of
the cross-correlation curve is given by [39], [40] (and paper II)
𝐺𝐶𝐶 (0) ≅

−𝐴𝑝
√𝐴𝐺 𝐴𝑅

(20)

where 𝐴𝐺 and 𝐴𝑅 is the green and red detection area respectively.
The minus sign is there because the cross-correlation amplitude is
negative, as discussed in the beginning of the chapter. This
equation is approximate, but is very accurate if the density of
particles, 𝜌, to be sized is low, i.e. 𝜌𝐴𝐺 < 1, which was always the
case in these experiments.
Since the particle density (of red NP’s) was low, it was possible
to determine the particle density in the images by simply counting
the number of particles within each image. This was automatized
by writing a MATLAB code for this purpose. From the theory of
ICS it is then possible to estimate the green and red detection area
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from the amplitude of the red auto-correlation function [42], [43]
and the particle density 𝜌 given by
𝐴𝑅 =

1

(21)

𝜌𝐺𝑅𝑅 (0)

𝐴𝐺 = (

𝜔𝐺 2
𝜔𝑅

) 𝐴𝑅

(22)

Where 𝐺𝑅𝑅 (0) is the amplitude of the red auto-correlation function
and 𝜔𝐺 ,𝜔𝑅 is the full with at half maximum (FWHM) of the green
and red detection area, respectively. These parameters were known
for the particular microscope used [21] and was 𝜔𝐺 = 260 nm,
𝜔𝑅 = 280 nm.
By combining Equations 20, 21 and 22 and solving for 𝐴𝑝 , a final
expression for the particle area can be obtained as
𝐴𝑝 =

1 𝜔𝐺
𝜌 𝜔𝑅

(−

𝐺𝑅𝑅 (0)
𝐺𝐶𝐶 (0)

+

𝜔𝐺 −1
𝜔𝑅

)

(23)

Applying this equation to the images of the NP’s and calculating
the correlation functions, as described by Equation 10, (as well as
image processing to reduce cross-talk, see paper II for details), it
was possible to estimate the diameter of the NP’s as 𝑑250 = 250 ±
17 nm for confocal images of 250 nm NP’s, 𝑑40 = 51 ± 17 nm for
confocal images of 40 nm NP’s and 𝑑40 = 59 ± 17 nm STED
images of 40 nm NP’s.
These are the main results in paper II, showing that by siFCS
sizing of membrane objects is possible, of objects with a diameter
at least seven times smaller than the resolution of the microscope
used. In Figure 11 typical confocal and STED images of 250 nm
NP’s and 40 nm NP’s are shown, as well as an auto-correlation
curve for the red NP’s (Figure 11E), and cross-correlation curves
for 250 nm NP’s and 40 nm NP’s (Figure 11F).
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Figure 11. A Confocal image of 250 nm NP’s. B Corresponding STED
image of the same 250 nm NP’s as in A. C Confocal image of 40 nm NP’s.
D Corresponding STED image of the same 40 nm NP’s as in C. E Autocorrelation function of the red NP’s, obtained as an average of the 2D
correlation curves calculated (Equation 10) over both rows and columns,
(Equation 11), and then fitted with a Gaussian function. F Crosscorrelation function of both the 40 nm and the 250 nm red NP’s, obtained
as an averaging of the 2D correlation function over both rows and
columns, (Equation 19), fitted with a Gaussian function with a negative
amplitude.

4.2.1 Imaging Streptococcus pneumoniae in human
brain (Paper III)
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Streptococcus pneumoniae is a gram-positive bacterium and is a
leading cause of lower respiratory infection morbidity and
mortality globally [44]. The understanding of how these bacteria
work against the host defense mechanisms on a molecular level
can provide crucial information in the search for effective
treatments of disease states caused by pneumococci such as
pneumonia and meningitis [44], [45]. Since the bacteria are
typically ~2 µm long and ~1 µm wide, it is difficult to study the
surface proteins distribution with diffraction limited microscopy.
However, in paper III and paper IV we imaged pneumococci
with a resolution down to 20 nm, which makes it possible to gain
insight into distribution patterns of the surface proteins with
respect to each other and their interactions with the host factors.
Super resolution studies on pneumococci revealed novel
information about the role and function of the studied surface
proteins.

4.2.1 Imaging Streptococcus Pneumoniae in human brain
(Paper III)
Streptococcus pneumoniae is the main cause of bacterial
meningitis, a life-threating disease with a high case fatality and
morbidity rate despite implementation of pneumococcal vaccine
programs and treatment with antibiotics [45].
The usual way for S. pneumoniae to cause meningitis is that the
bacteria first enter into the blood stream and from there they can
invade the brain area by crossing the blood brain barrier (BBB)
which usually protects the brain from pathogens and other harmful
substances [46], [47].
In order for this to occur the bacteria must somehow interact
with the endothelial cells that line the internal wall of the BBB
vasculature. It has been proposed that this process is mediated via
receptors in the endothelial cells that the bacteria can bind to [48],
[49].
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One of the major adhesion receptors expressed in endothelial
cells is the platelet endothelial cell adhesion molecule, PECAM-1
[50], [51]. Furthermore the polymeric Ig receptor, pIgR,
previously known to be involved in the adhesion of S. pneumoniae
in the in the nasal cavity (where pneumococci is most abundantly
found in humans), was recently reported to be involved in bacterial
adhesion to the BBB endothelium [50]
In paper II we therefore used STED microscopy to investigate
the co-localization of PECAM-1 and pIgR with pneumococci in
human brain biopsies from patients who died of pneumococcal
meningitis. Since the STED setup can image at most two colors the
imaging was done by labeling two species at a time: PECAM-1 and
pIgR, Figure 12A, pneumococci and PECAM-1 or pIgR, Figure 12B.
The fluorophores used were atto647N and Alexa Fluor 594, both
very photo-stable and suitable for STED imaging. The
pneumococci were imaged by labeling of the capsule.
In this work, it was not possible to achieve more than ~60 nm
resolution. This is because the samples were embedded in paraffin
and the thickness of the brain slices were 4 um, which imposed
some (additional) challenges for the STED imaging. The reason
for this is that paraffin has a refractive index of 1.48, which does
not so well match the preferred reflective index of the oil objective,
which is 1.52. This refractive index mismatch gives rise to a
reflection coefficient of about 1.3% (according to the formula:
𝑛 −𝑛
1.52−1.48
0.04
𝑅= 1 2=
=
= 1.33%).
𝑛1 +𝑛2

1.52+1.48

3

This might not seem like a very high reflection coefficient, but
considering that at even very moderate STED powers of 100 mW,
which would yield ~60 nm resolution, the back scattered light will
be in the order of 1 mW, which will result in a considerable amount
of noise in the detectors, even though dichroic mirrors and
emission filters are supposed to filter away the STED laser
wavelength (775 nm). This will reduce contrast due to lowered
signal-to-noise conditions and will make images more blurry. The
most obvious way to minimize back scattering due to refractive
index mismatch is perhaps to use an objective optimized for the
sample. However, this type of objective was not available. The oil
objective with n = 1.52 was the closest match possible, and
therefore the back scattering was a prominent problem, requiring
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highly discriminative emission filters combined with low STED
powers. From a STED imaging point of view, the conclusion is that
it is possible to image biological samples embedded in paraffin
with a standard oil objective with acceptable contrast, but it is
probably very tricky to reach higher resolution than 60 nm with
this kind of STED setup (without major modifications, such as a
different objective, a different STED wavelength, and other filters
and dichroic mirrors etc.).
Even if the resolution of the STED setup was not optimal, it was
still possible to detect a clear co-localization (upon visual
inspection) between the proteins PECAM-1 and pIgR, and it seems
likely that these proteins are responsible for pneumococci binding
to the BBB. This gives validation to one of the main conclusions of
paper II, that inhibition of PECAM-1 and pIgR could prevent
pneumococcal meningitis.

Figure 12. STED images of biopsies from meningitis patients shows that pIgR and
PECAM-1 are expressed on the BBB endothelium and co-localize with pneumococci. Each
row shows images related to the section of one blood vessel, selected as a representative
among 10 blood vessels/patient imaged (per each staining). A Immunofluorescence
detection of pIgR, PECAM-1, and endothelial marker shows co-localization of the two
receptors on the BBB endothelium. B Immunofluorescence detection of S. Pneumoniae,
pIgR, and PECAM-1 shows that most pneumococci co-localize with pIgR and PECAM-1. C
Immunofluorescence detection of pIgR and PECAM-1 shows that the two receptors colocalize in many areas of the brain vasculature. Scale bars, 10 μm. (Figure from Paper III,
Iovino et al, J Exp Med, 2017)
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4.2.2 Localization and distribution of immuno-protective
proteins in Streptococcus Pneumoniae (Paper IV)
C3 protein is an important part of the human innate immune
system which plays a central role in both classical and alternative
complement activation pathways, leading to clearance of
pathogenic bacteria, like pneumococci, from the host [52].
However, the bacteria express defense mechanisms to avoid the
C3b mediated opsonization (i.e. activation of the immune system)
by having a polysaccharide capsule, which act as a shield against
complement deposition [53], [54] and Factor-H (FH)-binding
surface proteins, such as PspC1 and PspC2, which prevents C3b
molecules from depositing on the bacterial surface [55], [56], [57].
In paper IV it is investigated how these defense mechanisms are
spatially coordinated on the bacterial cell surface. This was done by
dual color STED imaging of capsule, C3b, FH, PspC1 and PscP2 on
the bacterial surface with a resolution down to 20 nm. Subsequent
image analysis of the STED images was then done to investigate
the localization and distribution patterns of these proteins and
their interactions with the host factors.
As the bacteria divides, new capsule must be created at the
division sites during the division process [58], potentially leaving
the bacteria vulnerable for C3b deposition at the division sites.
However, if the FH binding proteins PspC1 and/or PspC2 resides
at the division sites they can recruit human FH hindering C3b to
deposit on the bacterium. It is therefore important to both
determine the localization and distribution of PspC1 and PspC2 as
well as looking into the co-localization between PspC1, PspC2 ,
C3b, human FH and bacterial capsule. Interestingly, we found very
distinct surface localization pattern of PspC1 and PspC2 where
PspC1 was found to be localized at division septum forming a ring
structure on the surface while PspC2 was present all around the
bacterium with high concentrations on the bacterial poles.
In Figure 13A some representative high resolution images are
shown of PspC1.
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Upon visual inspection of the images it turned out that a
convenient approach to analyze the images was to first define a
symmetry line along the bacteria. By orthogonally projecting the
total fluorescence intensity of the bacteria onto the symmetry line
then results in an intensity trace 𝐼𝑘 that can be analyzed, Figure
13B.

Figure 13. A STED image of bacteria stained for PspC1. The blue lines show the symmetry
lines along bacteria. B Intensity traces of individual bacteria, obtained by projecting the sum
of the fluorescence signal orthogonal to the symmetry line. C-D Scatter plots for the higher
order moments, calculated from intensity traces by use of Equation 24. Each point in the
scatter plot represents an individual bacterium. Red dots are for wild-type bacteria and
black dots for mutant bacteria, where the signal peptide of PspC1 was replaced with that of
PspC2. For the box plots: central lines indicate the median, lower and upper lines of the box
indicates the 25’th and 75’th percentile respectively, whiskers indicate extreme values not
considered as outliers.
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To determine how much of the PspC1 that was located at the
division sites, we used higher-order momenta defined as
𝜇𝑚 =

1 𝑁

𝐼 −⟨𝐼𝑘 ⟩ 𝑚

∑ (𝑘

𝑁 𝑘=1

⟨𝐼𝑘 ⟩

)

(24)

where m = 2,3,4… is the order of the moment. 𝐼𝑘 is the summed
fluorescence intensity over the width of the bacteria, at a pixel k
along the length symmetry axis of the bacteria. 〈𝐼𝑘 〉 is the mean
intensity, averaged over the whole bacteria, i.e., over all N pixels
along the full length axis of the bacteria. If 𝐼𝑘 is close to 〈𝐼𝑘 〉, then
((𝐼𝑘 − ⟨𝐼𝑘 ⟩)⁄⟨𝐼𝑘 ⟩)𝑚 will approach zero as the power m increases.
This corresponds to the case when the projected intensity trace
along the length axis of the bacteria is more evenly distributed,
with only minor deviations from 〈𝐼𝑘 〉. On the other hand, if the
projected intensity trace along the length axis includes high and
sharp peaks that markedly deviate from 〈𝐼𝑘 〉 , then 𝜇𝑚 will not
decrease to the same extent with increasing m, if at all. Therefore,
in bacteria with PspC1 preferably localized in defined ring
structures (supposedly at the division sites), in planes
perpendicular to the length axis of the bacteria, rather sharp and
narrow peaks in the projected intensity traces along these bacteria
are expected. The higher order moments, 𝜇𝑚 , calculated from these
bacteria will be markedly higher than those from bacteria where
PspC1 is more evenly spread over the whole bacteria. This turned
out to be the case when we measured and analyzed the PspC1
distribution in wild type bacteria (BHN418), but not in mutant
bacteria (BHN418sp2pspC1), where the signal peptide of PspC1
was replaced with that of PspC2 (Figure 13C-F).
Co-localization between PspC1, PspC2 and FH, as well as C3b
and capsule was done using Image Cross-Correlation Spectroscopy
(ICCS). ICCS has been shown to be a good measure for colocalization when there is an excess of one of the species in the
images, compared to the other [43], [59]. In Figure 14A-C, STED
images of pneumococci stained for PspC1, PspC2, FH, C3b and
capsule are shown and it can clearly be seen that there were always
an excess of the proteins. With this co-localization we could show
that PspC1 binds FH to a larger extent than PspC2 (Figure 14D),
whereas C3b co-localized more or less to the same extent for all
different cases tested (Figure 14 E).
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Figure 14. A STED image of a bacterium stained for PspC1 (green) and FH (red). B STED
image of a bacterium stained for PspC2 (green) and FH (red). C STED image of a bacterium
stained for C3b (green) and capsule (red). Yellow color in images indicates co-localization.
Scale bar: 0.5 um. D Outcome of the co-localization measurements by ICCS. From left to
right: PspC2 and FH co-localization in wild-type bacteria, PspC2 and FH co-localization in
mutant bacteria missing PspC1, and PspC1 and FH co-localization in wild-type bacteria. E
Co-localization of C3b and capsule in different mutants. From left to right: wild-type
bacteria, mutant bacteria missing PspC1, mutant bacteria missing PspC2, mutant bacteria
missing PspC1 and PspC2. Graph shows Mean±SD, (student t-test): *p<0.05, ***p < 0.001.
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When there was a deposition of C3b on the bacterial surface one
important parameter was where the C3b was localized with respect
to the capsule. With the high resolution it was possible to
determine that C3b was localized beneath the capsule by
measuring the peak-to-peak distance in fluorescence pixel
intensity between the C3b and capsule along a line orthogonal to
the capsule. Furthermore an important aspect is the fractional area
of the bacteria that C3b covers. This was estimated by again using
the symmetry line along the length of the bacteria but instead of
summing the fluorescence signal orthogonal to the line, the
fluorescence signal of C3b was projected onto the symmetry line.
So, starting at one end of the symmetry line and going to the other
end looking orthogonally out to the ’left’ (with respect to the
direction of the symmetry line) pixels with signal intensity above a
certain threshold would mark a 1 on that particular point on the
symmetry line, otherwise it is marked as 0. This creates a binary
array where a 1 indicates there was C3b at that point along the
length of the bacteria. By summing together all the 1’s in the array
and divide the result with the length of the array gives an estimate
of the fractional area of the bacteria covered with C3b, Figure 15.
Of course this is not an exact value but it gives a quantitative
estimate between different bacterial mutants and therefore can
reveal some of the functions that PspC1, PspC2 and capsule has to
prevent C3b deposition.
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Figure 15. A Representative STED image with a resolution of about 25nm. Green color
shows C3b deposition labeled with Alexa Fluor 594 and red color shows capsule labeled with
atto647N. The symmetry line is in between the green dots at both ends of the bacteria.
Arrows shows the orthogonal direction with respect to the symmetry line along which the
C3b signal was projected in order to estimate the area covered by C3b. Scale bar 1 um. B The
average fractional area covered by C3b for different mutants. From right to left: wild-type
bacteria, bacteria without PspC1, bacteria without PspC2, bacteria lacking both PspC1 and
PspC2. Graph shows Mean±SD, (student t-test): ***p < 0.001.

The STED imaging with a ~20 nm resolution, together with the
analysis of the images, helped to give insight into the distribution
and localization of the proteins studied in paper IV, which would
not have been possible with diffraction-limited microscopy.
Thereby, a major conclusion which can be drawn in paper IV is
that the division septum is the Achilles heel of the bacteria, in their
defense against C3b deposition. This might have implications for
future development of new pneumococcal vaccines based on
surface proteins.
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4.2.3 STED imaging of platelets co-cultured with cancer
cells (Paper V)
Platelets form into disc-shaped particles in their inactivated state,
with a typical size range of 1-2 um in diameter. Their main function
is to act as ’first responders’ to damages in the epithelial layer of
the blood vessels [60]. This occurs through activation of platelets
so that they start clustering around the damage, which initiates
blood coagulation and hemostasis.
Even if platelets are mainly associated with hemostasis they are
also known to be involved in many different disease states,
including cancer [60], [61]. For example, increased platelet counts
have since long been linked to increased metastasis and poorer
outcomes in multiple forms of cancer [62], [63]. Platelets can also
adhere to circulating tumor cells, and by that help them survive in
the blood stream, and promote their adhesion to capillary blood
vessel walls [61], [64], [65].
However, the specific role of platelets in cancer development is
still something of a mystery and remains an open question [66].
Typically, surface expression of the adhesion protein P-selectin on
the platelets is used to determine if they are activated or not.
However, in paper V we instead use super resolution STED
imaging to investigate the protein distribution within single
platelets, and thereby more specifically determine their activation
states. In the future, the possibility to detect specific activation
states in platelets could open up for early cancer diagnostics, based
on a very small amount of blood from the patient. This could
possibly offer a patient-friendly, almost non-invasive sampling,
compared to the more invasive sampling techniques used today
[67], [68]. Further the change in protein distribution within
platelets could give a deeper insight into the role and function of
the platelets in cancer development.
Previous studies have shown that STED imaging of platelets
with a resolution ~40 nm can distinguish platelets, subject to
chemical activation with thrombin and ADP, and resting (i.e. nonactivated) platelets [69]. Here, we took this approach one step
further by not only activating platelets chemically, but also
activating platelets by co-culturing them together with tumor cells,
and with non-cancer cells as control. The cancer cell-lines used
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were EFO21 (ovarian cancer), MCF7 (breast cancer) and MDAMB231 (breast cancer). Non-cancer cell-lines used as controls were
184A1 and MCF10A. Chemical activators were ADP, thrombin and
thromboxane A2, TXA2. As a negative control we also incubated
the platelets under identical conditions, as with the cell-lines,
except that no cells were present in this case, resulting in resting
(non-activated) platelets. The proteins we investigated were
vascular endothelial growth factor (VEGF) fibrinogen (Fg), Erp29
(which has been shown to be overexpressed in platelets from
ovarian cancer patients [70]) and the adhesion protein P-selectin.
Following the same analysis procedure as previously described
in [69], analyzing the number of clusters and cluster sizes for all
proteins in individual platelets for the different activations, we
could see no clear difference between the activation states, except
for ADP activation (see paper V for details). However, P-selectin
sometimes revealed a circular pattern in the high resolution STED
images, something that was not possible to see with diffraction
limited confocal imaging, as shown in Figure 16. This circular
pattern was in the size range of 200-400 nm in diameter. This is
consistent with the size of so-called alpha-granules which are
believed to store and release proteins in platelets [71]. Upon visual
inspection, the circular pattern of P-selectin seemed to be more
frequently expressed in platelets activated by the three cancer celllines (EFO21, MCF7, MDA-MB231). First, we applied a simple
manual classification, where images were randomly displayed on a
computer monitor, without any information about the activation
category the shown platelet belonged to. It then turned out that
platelets activated by cancer cells indeed express circular P-selectin
pattern to a larger extent than all the other activation states,
including the different chemical activations (ADP, thrombin,
TXA2) (details in paper V).
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Figure 16. Representative images of P-selectin labeled platelets for all the different
activation conditions. A High resolution STED images with a resolution down to 25nm. B
Corresponding confocal images, imaged from the same samples as shown in A. With the
resolution achieved by confocal microscopy (~250nm) it is difficult to see any differences
between the P-selectin labeled platelets. However, with the resolution offered by STED
imaging (~25 nm) clear circular patterns is revealed for some of the platelets. In the images
shown in A, a circular P-selectin pattern is clearly seen in the images of platelets incubated
with MB231 and MCF7 cells. Scale bars 1 μm.

With the result from the somewhat subjective manual
classification, we next applied a machine learning approach based
on Dictionary Learning (DL) as a more objective and automatized
way to classify the different platelet activation categories based on
the circular pattern of P-selectin (implemented in Python using the
Scikit package [72]).
In dictionary learning, the computer builds up a dictionary from
a training set of images, Figure 17. The dictionary consists of a set
of image patches, in this case 30x30 pixel image patches
corresponding to 300x300 nm regions. The patches are built in
such a way that every training image can be reasonably well
described (under certain conditions [72] as a linear combination of
the elements in the dictionary. To be used for classification, the
dictionary should be built on a large number of training images.
This number should be as large as possible, but we used 20000
due to limitation of computing power. The images should also be
representative for the images to be classified. However, it is
difficult to record so many images, and in paper V we had just
somewhat below 1000 experimental STED images available, which
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is not sufficient to build such library. It is also difficult for a
computer to detect circular patterns, and to classify images based
on such patterns. We therefore applied a modified strategy, based
on 20000 computer simulated training images (4µm×4µm,
corresponding to 400x400 pixels). These images contained
cluster-like structures of dots (convolved with a Gaussian point
spread function), varying in size between 20 and 40 nm, randomly
and uniformly distributed within an elliptic area of about 1-4 µm in
size, and with different noise levels. The brightness of the dots was
randomly distributed to resemble images of P-selectin in platelets
displaying no circular patterns. Letting the computer train on such
images, a dictionary could be established which can describe
images containing no circular pattern, expressed as a linear
combination of the elements in the dictionary. At the same time,
images containing clear circular structures would not be as well
described by the same dictionary. The experimental images and
the extent to which they display circular structures could then be
classified by how well (or bad) the dictionary can describe the
images. This approach turned out to be more efficient than
generating computer simulated images containing circular
structures as training images.
The platelet images were reconstructed from the trained
dictionary by an algorithm called orthogonal matching pursuit,
OMP [73]. The reconstructed image is then compared with the
original image, based on a Structural Similarity (SSIM) norm [74]
which yields a number between 0 and 1, depending on the degree
of similarity. An SSIM norm value is thereby assigned to every
experimental P-selectin platelet image. Plotting the cumulative
fraction of images reaching a certain SSIM norm value for the
different types of platelet activation allows one to clearly
distinguish platelets exposed to tumor cells from platelets exposed
to benign cells, or to no cells at all, and also from ADP-activated
platelets. However, for the thrombin- and TXA2-activated
platelets, the automatized categorization indicated that the
distribution of P-selectin in these platelets significantly deviates
from a random one, as also found for platelets co-cultured with
tumor cells. At the same time, with the manual categorization we
could not see any clearly visible circular P-selectin patterns in the
thrombin- and TXA2-activated platelets.
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Figure 17. Objective classification of P-selectin images using dictionary learning. A
Schematic outline of the dictionary training process used in this study, and the
reconstruction of experimental STED images based on the trained dictionary. The obtained
dictionary consists of 9x9 image patches of 30x30 pixels. With the trained dictionary given,
each experimental STED image of a platelet and its distribution of P-selectin is
reconstructed using the Orthogonal Matching Pursuit (OMP) algorithm. Finally, the
reconstructed image is compared with the original image using the SSIM norm, yielding a
value between 0 and 1, depending on how similar the reconstructed image is to the original
image. B The outcome of the dictionary learning classification of platelets based on their
spatial distribution patterns of P-selectin and their calculated SSIM norms. Each bar shows
the classification for each platelet activation condition. The color code of the bars (scaled
from dark blue = 0 to dark red = 1) represents the cumulative SSIM norm value, i.e. the
fraction of individual platelet images with an SSIM value from 0 up to the value on the yaxis. The black line in each bar shows a cumulative SSIM value of 0.5.
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To further improve the classification, and allow this
classification to comprise all platelet categories in this study, we
investigated if the radial distributions of P-selectin in the platelets
could be used as an additional classification feature, obtained as
intensity traces along lines drawn in the platelets, from their
centers of mass to their peripheries, in 72 different directions
within each platelet (details in paper V).
The reason we looked into the radial distributions as an extra
feature was that in thrombin- and TXA2-activated platelets Pselectin was observed to be distributed over a significantly larger
area (average diameter of 4-5μm and 3μm for TXA2- and
thrombin-activated platelets, respectively, about twice as large as
observed for the other activation conditions). Therefore, if both
the radial distribution and dictionary learning (SSIM) analyses are
taken into account, a more accurate categorization should be
possible, comprising also the thrombin- and TXA2-activated
platelets. The outcome of this analysis (Figure 18) indicates that all
platelets can be categorized in an automatized and accurate
manner, including thrombin- and TXA2-activated platelets. Even
for resting platelets, with the worst classification (5 of 10
categorized correctly as resting platelets), the probability that ≥5
platelets would be assigned to another specific category than the
correct one is small (<4%).
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Figure 18. Categorization of different activation conditions based on SSIM values and
radial distribution analyses, calculated from 10 individual platelets in each activation
category. Rows show the activation category of the tested platelets. Columns show the
activation category the tested platelet was categorized into. Values in the table are the
fraction in % of platelets categorized into respective column. The two last columns shows
the probability, based on the outcome of this categorization, for categorizing 5 or more
platelets into one of all the false categories, and to categorize 5 or more platelets into the
correct category (i.e. 5 or more platelets are correctly categorized, i.e. true).
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4.3.1 Simulation of MDM2 and p53 interaction in FCCS
experiments (Paper VI)
In paper VI, the protein-protein interaction between the proteins
p53 and MDM2 is studied in living cells with Fluorescence CrossCorrelation Spectroscopy, FCCS (described in chapter 2.3 & 2.4).
The protein p53 is a key transcription factor and plays a central
role in apoptosis (i.e. programmed cell death) and in various
cellular stress conditions [75], [76]. MDM2 is an oncoprotein,
which can block p53 activity upon direct binding to p53 [77], or
can reduce p53 levels by promoting p53 degradation [78], [79].
High levels of p53 can up-regulate MDM2 [80]. Therefore, the
interaction between p53 and MDM2 generates a negative feedback
loop to keep p53 at low levels in the absence of stress on the cell
[81]. The p53−MDM2 interaction plays a key role in certain
cancers and therefore it could be of interest to develop better
targeted cancer therapeutics addressing this interaction. In this
work, p53 and MDM2 were labeled with enhanced green
fluorescent protein (EGFP) and mCherry, respectively.
In living cells, p53 has been found to exist in three different
states of oligomerization: monomers, dimers, and tetramers [82].
The binding affinity of these three different states of p53to MDM2
is not necessary the same. It is important to know how the degree
of oligomerization of p53 affects the amplitude of the correlation
functions (cross-correlation and autocorrelation). Furthermore,
the amplitude of the correlation functions is affected by the
labeling efficiency of p53. We used a Monte-Carlo approach to
simulate the different possible scenarios of interaction between
p53, in its different states of oligomerization, and MDM2. This
makes it possible to investigate how the amplitudes of the
correlation curves are affected by oligomerization degree and
labeling efficiency of p53.
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Table 1 Parameters and their values used in the simulation in paper VI
Simulation
parameter
DMDM2

Dmonomer,

Description

Value

Comment

Diffusion coefficient for
MDM2.

5.72
µm2/s

Estimate from experimental
results

Diffusion coefficients for p53
monomer, dimer and tetramer
respectively.

6.2
µm2/s
3.2
µm2/s

Ddimer,
Dtetramer

CT

Estimate from experimental
results

1.4
µm2/s
Cross-talk from green to red
spectral channel as a fraction
of green fluorescence that
bleeds into red channel.

0 or
0.05

An estimate that the crosstalk is not larger than 5% in
the measurements so it was
used as a “worst case
scenario”.

p0

Labelling degree of p53

0.3-0.9

Ntot

Total number of p53 particles
per µm3 including monomer
(one p53-particle), dimers (two
p53-particles) and tetramers
(four p53-particles).

60/µm3

Representative values from
experimental results

Total number of MDM2
proteins per µm3

70/µm3

Representative values from
experimental results

NMDM2

B1
B2

Brightness of p53 monomer,
dimer, tetramer. Subscript is
number of labelled monomers
in dimer or tetramer.

1 [a.u]
1.8[a.u]
Values estimated from [82]

B3

2.7[a.u]

B4

3.6[a.u]
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Simulation
The simulations were carried out as described in chapter 3.1, with
the fluorescence from p53 and from MDM2 detected in the green
and in the red channel, respectively. The time step was taken to be
𝑑𝑡 = 10 μs and the total simulation time 𝑇 = 20 s. So the total
number of iterations was 𝑇⁄𝑑𝑡 = 2 ∙ 106 . A simulation box was set
as a cube, with side lengths of 15 µm. The width of the detection
volume for the red and the green channels were 0.23 µm and 0.2
µm, respectively, consistent with the experimental setup described
in paper VI. The diffusion coefficients of the different oligomeric
states of p53 and MDM2 were also estimated from the
experimental results, see table 1.
Furthermore, the brightness of dimers and tetramers is
dependent on the labeling degree of p53. For example, if a dimer
consists of one labeled p53 monomer and one unlabeled p53
monomer, that dimer would have the same brightness as a singlelabeled p53 monomer. To take this into account in the simulations,
we had two different kinds of dimers and four different kinds of
tetramers, all with different brightness values depending on how
many of the p53 monomers in the dimer/tetramer are labeled. The
number of differently labeled dimers and tetramers are binomially
distributed, and given by
𝑁
𝑛(𝑘) = ( ) (1 − 𝑝0 )𝑁−𝑘 𝑝0 𝑘 𝑁𝑑⁄𝑡
𝑘

(25)

where 𝑛(𝑘) is the number of dimers/tetramers with k labeled
monomers, 𝑝0 is the labeling degree of p53 (0<p0≤1), 𝑁𝑑/𝑡 is the
total number of dimers or tetramers, and N = 2 for dimers and
N = 4 for tetramers.
In total, 7 different sets of p53 particles in the green channel
were taken into account in the simulation, as described in chapter
3.1. Also, we assumed MDM2 to always be a monomer with
labeling degree 0.5 or 1. For a labeling degree of 0.5 for MDM2,
only half of the MDM2 proteins were included when calculating
the fluorescence intensity of the red channel. Spectral cross-talk
from the green to the red channel was included by multiplying the
green fluorescence intensity with a fraction corresponding to the
cross-talk, and with the product added to the resulting intensity of
the red channel.
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The binding affinity between the different species of p53
and MDM2, as well as the labeling efficiency of p53, were
variable parameters set in the simulation code.
The brightness of the differently labeled p53 is listed in table 1.
In all simulations, the total number of p53 proteins was fixed, from
which different levels of dimers and tetramers could then be set as
a fraction of the total number of p53 particles. The output of the
simulation yielded two intensity traces, one in the red and one in
the green, which were correlated and analyzed in the same way as
the raw experimental data (details in paper VI and Chapter 2.3 and
2.4).
The outcome of these simulations is shown in Figure 19, with
different levels of p53 monomers, dimers and tetramers, as well as
different binding affinities to MDM2. The parameter values used in
Figure 19 are listed in Table 2.
From the simulations, we concluded that the difference in
brightness, binding affinities and expression levels of the p53
monomers, dimers and tetramers did not significantly affect the
experimental cross-correlation amplitudes. This added confidence
to experimental results and helped validate conclusions from the
FCCS measurements.
Table 2 Parameters with variable values used for the simulations in
Figure 19.
Percent
Percent
N
Percent of
N
of
of
Simulations
p53 monomers
MDM2
dimers tetramers
units
(%)
(%)
(%)
1
70
15
0
0
100
2

70

30

0

100

0

3

70

60

100

0

0

4

70

33

18

82

0

5

70

27

20

60

20

N represents the number of proteins/units per µm3.

4.3.1 Simulation of MDM2 and p53 interaction in
FCCS experiments (Paper VI)

53

Figure 19. Outcome of Monte-Carlo simulations for the cross-correlation amplitude values
between p53 and MDM2 at different levels of p53 species (monomer, dimer and tetramer).
The labeling degree for p53 is set to 90%. The different simulation conditions from 1 to 5 on
the x-axis are shown in Table 2. A Cross-correlation amplitude values from simulations
assuming that the affinities of different p53 species to MDM2 are same. The proportions of
p53 monomers, dimers and tetramers bound to MDM2 are set to 23%. B Cross-correlation
amplitude values from simulations assuming that the affinities of different p53 species to
MDM2 are different. In the simulations, the tetramers were set to the highest binding
affinity (30%) to MDM2, monomers were set to the lowest binding affinity (10%) to MDM2
and the dimers had binding affinity (20%) to MDM2. The cross-correlation amplitude
values are means ± SEM from 5 individual simulations for each condition.
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4.3.2 Simulation of lipid diffusion in the presence of
dynamic nano-domains (Paper VII)
Diffusion of lipids and membrane proteins in membranes can be
described as a planar 2-dimensional diffusion, as long as the radius
of the curvature of the membrane in the region of interest (ROI) is
much larger than the length scales on which the diffusion is
measured. This is typically the case for the cell plasma membrane.
However, it is known that the plasma membrane of a living cell is
structured in small compartments, which behaviors and
organizations are not fully understood [83]. It has also been shown
that certain lipids and membrane proteins seem to have a tendency
to localize within domains in the membrane [84]. These domains
are small and could have diameters smaller than 10 nm [85] and
are therefore difficult to study with diffraction limited methods.
However, STED-FCS, with a detection volume down to 20nm in
diameter, could possibly detect such domains in the membrane
[83], [86] (see Chapter 2.5). This could be done by a so-called
diffusion law plot [87], Figure 20. A diffusion law plot can be
obtained by FCS measurements, in which the diffusion time is
determined for different sizes of the detection volume (in STED
this is done by varying the STED power, see Chapter 2.2). The
apparent diffusion time, τapp is obtained from fitting the resulting
correlation curves. By plotting τapp as a function of the square of the
width of the detection volume, 𝑤 2 , (this is basically the same as the
area of the 2D detection spot of the laser focus in the membrane), a
relation between τapp and 𝑤 2 can be obtained. The intersection of a
linear fit with the y-axis gives the type of diffusion. If the
intersection is on the positive y-axis it indicates diffusion confined
to domains. If the intersection is on the negative y-axis, it indicates
that the diffusion is hindered by meshwork compartments. If the
intersection is in the origin it indicates free diffusion [88], see
Figure 20.
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Figure 20. Schematic graph of a diffusion law plot. The apparent
diffusion time τapp of the membrane probe is plotted as a function of the
square of the width of the detection volume, w2. The measured values are
fitted with a linear model and extrapolated to the intersection of the yaxis. (i) If the linear fit intersects the positive y-axis it corresponds to
stationary domains. (ii) If the linear fit intersects in the origin it
correspond to free diffusion of the probe. (iii) ) If the linear fit intersects
the negative y-axis it corresponds to hindered diffusion.

Simulation
In paper VII we simulate the diffusion of lipids in a 2D membrane
in the presence of nano-domains. The reduction of one spatial
dimension significantly reduces the computational power needed
to simulate 2D diffusion compared to 3D diffusion. Therefore, as
far as computational limitations is concerned, it is possible to
simulate more advanced diffusion processes for 2D diffusion. The
simulation of the diffusion and fluorescence detection was carried
out as described in Chapter 3.1, with a time step dt = 2 μs, total
simulation time T = 20 s and the side length of the simulation
square L = 4 μm or 8 μm, and with periodic boundary conditions.
The simulated domains were set to be circular and dynamic, i.e.
they diffused with a diffusion constant that was variable within the
simulations. The lipids could enter the domains with a certain
probability, as well as leave the domains with a (in general)
different probability. The diffusion coefficient of the lipids inside
the domains was Din = 3∙10-12m2/s, and three times higher outside
of the domains. Furthermore, the domains interacted with each
other in a hard-sphere type of interaction, i.e. collisions between
domains were inelastic. Within each time step, dt, several
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probabilities had to be calculated, that is, the probability for a lipid
to enter a domain or leaving a domain. In addition, the position of
each domain and lipid had to be kept track of in order to determine
if collisions between domains occurs and if a lipid is within the
boundary area of a domain so that it might enter or leave a domain
(see Figure 21). A further complication for this simulation was that
the frame of reference for the lipid diffusion depends on where the
lipid is located. If a lipid is inside a domain its diffusion is
calculated with respect to the frame of reference of the domain,
while if it is located outside a domain its diffusion is calculated
with respect to the frame of reference of the simulation box. Figure
21 shows a schematic outline of the simulations. From a MonteCarlo simulation point of view, this is a more computational
demanding simulation compared to paper VI. However, since the
diffusion is 2-dimensional a regular PC has enough power to
simulate these scenarios in a reasonable time (about 12 hours in
paper VII for simulating a single scenario).

Figure 21. Schematic picture of the bilayer, containing circular nanodomains with radius Rd, and marked boundary region (grey). If a lipid is
within the grey boundary area it might enter or exit the domain,
according to the probabilities listed in table 3. The width of the boundary
region was set to the mean displacement of a lipid during a time step, i.e.
𝜎 = √2𝐷𝑑𝑡.
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Table 3. Different values used for parameters in the simulations.
Domains occupied 10% of the entire bilayer area. Pin is the probability for
a lipid to enter a domain, Pout is the probability to leave a domain, Dd is
the diffusion coefficient of the domains and Rd is the radius of the
domains.
Pin
Pout
Dd
Rd
0.05
0.05
4 μm2/s
50 nm
0.05

0.025

0.8 μm2/s

0.5

0.05

0.04 μm2/s

0.05

0.5

200 nm

With the simulations in paper VII it was possible to conclude that;
(i) For domains moving up to a factor of 2.25 slower than
the surrounding lipids, such impeded diffusion cannot be observed
in FCS measurements, and the diffusion behavior of the proteins
or lipids is indistinguishable from that of freely diffusing
molecules, i.e. nano-domains are not detected.
(ii) Hindered protein/lipid diffusion can be observed in
experiments, where the radius of the detection volume is similar in
size to the radii of the domains, the diffusion coefficient of the
domains is more than 10 times slower than that of the lipids, and
the affinity of the probes for the domains is high.
(iii) Presence of nano-domains can only be detected by
diffraction-limited FCS when domains move very slowly (about
200 times slower than the lipid diffusion). As the size of the nanodomains is expected to be in the range of tens of nanometers, and
most probes show low affinities to such domains, FCS is limited to
stationary domains, and/or STED-FCS has to be applied. However,
even for that latter technique, diffusing domains with a radius
smaller than 50 nm are hardly detectable by diffusion law plots
and diffusion time/spot-size dependencies.
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4.3.3 Simulating protonation kinetics along lipid
membranes (Paper VIII)
Membrane proteins responsible for transporting or pumping
protons are key components for energy conversion in cells.
Cytochrome-c-oxidase, CytcO, is such a membrane protein
(Cytochrome-bo3, discussed in Chapter 4.1.1 and in paper I is the
equivalent of CytcO). The proton pumping rate of CytcO is
dependent on the proton transportation up to the protein. This
mechanism is not fully understood [89]. However, it has been
shown that lipid membranes can act as proton collecting antennae.
That is, a proton can first bind to a lipid and then diffuse along the
membrane [90] until it is either released back into the bulk
solution or e.g. consumed by a membrane protein as CytcO. This
proton diffusion along the membrane can vastly increase the
proton pumping rate of CytcO compared to what would be
expected if the proton uptake of CytcO occurred via proton uptake
from the bulk only.
In paper VIII, this proton collecting antenna effect is
investigated with FCS on lipid nanodiscs, ND’s [91]. ND’s are
planar discs of a lipid bilayer, surrounded by a protein scaffold,
and in this study composed of DOPG lipids with diameters of
either 9 nm or 12 nm. The NDs were labeled with an individual
pH-sensitive fluorescein dye bound to one of the lipids in the NDs.
In addition, to study the effect of the membrane area for proton
exchange close to membrane proteins, fluorescein-labeled CytcO
was inserted into non-labeled NDs.
The protonation of fluorescein can be studied with FCS by
monitoring its fluorescence time-trace. When a fluorescein
molecule is protonated, it is not fluorescent, i.e. it is in a dark state,
while its de-protonated form is fluorescent. This phenomenon is
called blinking and can be detected as fluctuations in the
fluorescence intensity time-trace, which can be analyzed by FCS.
The protonation relaxation rate is measured directly from the FCS
autocorrelation function [92]. The protonation relaxation rate is
the sum of the uptake rate and the release rate of protons to and
from the fluorophores. It has previously been shown that the
uptake, or protonation, rate of fluorescein inserted in lipid vesicles
(~30 nm diameter and consisting of DOPG lipids) is about 100
higher than fluorescein free in solution [93], [94].
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In paper VIII, the protonation relaxation rate in ND’s was
investigated with varying buffer concentrations. For free
fluorescein in phosphate or HEPES buffer, it was found that the
protonation relaxation rate increases linearly with the buffer
concentration (Figure 22A-B). However, for fluorescein molecules
inserted into NDs, this rate was no longer linearly dependent on
the buffer concentration. Instead, it decreased with increasing
buffer concentration until it reached a minimum at millimolar
concentrations, and then started to increase at yet higher buffer
concentrations, Figure 22C-D.
This, somewhat unexpected, protonation rate depence on buffer
concentration for fluorescein in ND’s could not be explained by the
experiments alone. Therefore, we implemented a Monte-Carlo
simulation to explain this behavior.

Figure 22. Protonation rate, as a function of buffer concentration, recorded from free
fluorescein and fluorescein in 12 nm diameter ND’s, in phosphate and HEPES buffer. A Free
fluorescein in phosphate buffer at pH 6.5. B Free fluorescein in HEPES buffer at pH 6.5. C
Fluorescein inserted in 12 nm ND’s in phosphate buffer at pH 8.1. D Fluorescein inserted in
12 nm ND’s in HEPES buffer at pH 8.1.

Simulation
Simulations of the proton exchange of fluorophore-labelled ND’s
with different diameters were carried out assuming that the
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fluorophore was located in the center of the ND. By applying a set
of rate equations, it was possible to simulate the protonation as
described in Chapter 3.2.
Three major proton exchange pathways were taken into account
in the simulation as shown in Figure 23A-C. The corresponding
rate equations for each protonation pathway are:
I Proton exchange between the membrane and the bulk solution
𝑘+1

𝐵𝐻 + 𝐿− ⇄ 𝐿𝐻 + 𝐵 −
𝑘−1

(26)

where B– and BH represent the base and acid forms of the buffer
molecules, and L– and LH are the base and acid forms of the lipid
molecules in the membrane. At a defined pH, the equilibria
between the acid and base forms of the buffer and lipid molecules
are given by:
𝑘𝐻+1

𝐵− + 𝐻 + ⇄ 𝐵𝐻
𝑘𝐻−1

𝑘𝐻+2

𝐿− + 𝐻 + ⇄ 𝐿𝐻
𝑘𝐻−2

(27)
(28)

II Proton migration along the membrane surface, with subsequent
proton exchange between the surface and the fluorophore
𝑘+2

𝐿𝐻 + 𝐹𝑙 2− ⇄ 𝐿− + 𝐻𝐹𝑙 −
𝑘−2

(29)

where Fl2- is the dianionic, fluorescent form of the fluorescein
fluorophore and HFl- is the protonated, non-fluorescent form of
the fluorophore. At a given pH, the equilibrium between the acid
and base forms of the fluorophore molecules is given by:
𝑘𝐻+3

𝐹𝑙 2− + 𝐻 + ⇄ 𝐻𝐹𝑙 −
𝑘𝐻−3

(30)
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III Direct proton exchange between the membrane bound
fluorescein molecule and the buffer molecules in the bulk
𝑘+3

𝐵𝐻 + 𝐹𝑙 2− ⇄ 𝐵− + 𝐻𝐹𝑙 −
𝑘−3

(31)

In the simulations, the proton migration along the membrane
surface was assumed to be a two-dimensional diffusion. The
protonation rate of the fluorophore can then be related to the
probability for a proton undergoing 2D diffusion (with diffusion
coefficient DS) at the ND surface to reach a certain displacement, r,
within a time, t, expressed as
𝑝(𝑟)𝑑𝑟𝑑𝜃 =

𝑟
𝐷𝑆 𝑡

𝑒

−𝑟2
𝐷𝑆 𝑡

𝑑𝑟𝑑𝜃

(32)

where r and θ are polar coordinates on the ND surface.
Equations 26-31, could then be simulated, as described in
Chapter 3.2, based on the values of all the different rates,
estimated from experimental FCS data, and a small time step, dt.
The values used in the simulation are listed in Table 4.
In this simulation, the protonation rate of the fluorophore is
investigated. Protonation events are recorded using two counters:
protonation and de_protonation, which counts the number
of times the fluorophore is protonated or deprotonate respectively.
That is, if a reaction leading to protonation of the fluorophore
occurs (Equations. 29-31) the counter protonation is increased
by 1, i.e. protonation = protonation+1. Equivalently, each
time the fluorophore releases a proton (Equations. 29-31) the
counter
de_protonation
is
increased
by
1,
i.e.
7
de_protonation = de_protonation+1. Iterating over 10 -109
steps, and keeping track of which reactions occur in each iteration,
yields the total protonation relaxation rate given by kprot =
(protonation+de_protonation)/Tsim, where Tsim = dt·
(number of iterations), is the total simulation time (1-10s).
The fluorophore protonation via pathway II (Equation 29), also
requires the diffusion of protons along the lipid membrane to be
considered. The probability for a proton to diffuse on a distance r
along the membrane during the time step dt is given by the
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solution of the 2D diffusion (Equation 32). However, for proton
diffusion during a time step to be relevant, at least one lipid must
be protonated. The probability for this is assumed to be
proportional to the number of lipids per ND and was estimated by
Equation 26 and 28 as the sum of
𝑘+1 · 𝜋(𝑑/2)2 · 𝜌 · [𝐵𝐻] · 𝑑𝑡

(33)

𝑘𝐻+2 · 𝜋(𝑑/2)2 · 𝜌 · [𝐻] · 𝑑𝑡

(34)

and

where d is the diameter of the ND, ρ is the lipid density estimated
to 4 nm-2, [BH] is the concentration of protonated buffer molecules
and [H] is the concentration of protons. After protonation, a lipid
can be deprotonated by giving back the proton to either a buffer
molecule or the bulk. The associated probability is given by the
sum of k-1·[B-]·dt and kH-2·dt, where [B-] is the concentration of
unprotonated buffer molecules (Equation 26 and 28).
Alternatively, the proton can diffuse along the membrane, and
then encounter and protonate the fluorophore (protonation =
protonation+1). With an initial distance between the fluorophore
and a protonated lipid in the ND area of R, the probability for a
proton to diffuse a distance R or longer in a time dt is given by the
integral of Equation 20,
𝑝(𝑟 > 𝑅) =

−𝑟2

∞
∫ 𝑟𝑒 𝐷𝑆𝑑𝑡
𝐷𝑆 𝑑𝑡 𝑅
2

=𝑒

−𝑅2
𝐷𝑆 𝑑𝑡

(35)

The maximum distance a proton can diffuse along the surface of
an ND is limited not only by the rates k-1 and kH-2, but also by the
ND diameter, d. The average distance between protons on the
membrane is estimated by the square root of the inverse of the
proton density on the membrane, that is 𝑅𝑎𝑣~√𝐴/(𝜋𝑁) , where N is
the number of protons on the membrane (determined by the
previous steps in the algorithm of protonation and deprotonation
of lipids) and A is the area of the ND. The probability for a proton
to diffuse to the fluorophore can then be expressed as
𝑝(𝑟 ≥ 𝑅𝑎𝑣 ) = 𝑒

−𝑅2
𝑎𝑣
𝐷𝑆 𝑑𝑡

(36)
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If the ND radius is smaller than the average distance between
protonated lipids (d/2<Rav), Rav is set to Rav = d/2.
Several of the rates are concentration-dependent, i.e. they have
to be multiplied, not only by dt, but also by the concentration in
order to get the correct probabilities of protonation for the
different species. These rates are: k-1 and k-3 (Equation 26 resp. 31),
which depend on [B], k+1 and k+3 (Equation 26 resp. 31), which
depend on [BH] and kH+2 and kH+3 (Equation 28 resp. 30), which
depend on [H+]. The corresponding concentrations were calculated
by the following equations
[𝐻 + ] = 10−𝑝𝐻

[𝐵− ] =

[𝐵𝐻] =

(37)

[𝐵𝑡𝑜𝑡 ]

[𝐻+ ]

1+ −𝑝𝐾 (𝑏𝑢𝑓𝑓𝑒𝑟)
𝑎
10

[𝐻 + ][𝐵𝑡𝑜𝑡 ]
+
[𝐻 ]+10−𝑝𝐾𝑎 (𝑏𝑢𝑓𝑓𝑒𝑟)

(38)

(39)

where [Btot] is the total buffer concentration and pKa(buffer)=7.2
(pKa for phosphate buffer).
These parameters were then simulated for different sizes of
ND’s and various buffer concentrations. All simulations were
carried out at pH = 8.1. The outcome of these simulations is
shown together with the experimental data in Figure 23D.
In conclusion, a simple kinetic model of proton exchange at the
membrane-water interface was established, supported by MonteCarlo simulations, and using rate parameter values obtained by the
FCS experiments in paper VIII. By this approach, we could explain
how the protonation relaxation rate, as determined in the FCS
epxeriments, varied with both the observed membrane-size and
the external buffer concentrations.
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Chapter 4. Results
4.3 Simulation studies

Our simulations, together with the FCS results in paper VIII,
indicate that the local proton diffusion coefficient along a
membrane is ~100 times slower than the values determined over
submillimeter distances by proton-pulse experiments [95], [96],
[97](DS ~ 10-5 cm2/s), and support recent theoretical studies
showing that proton diffusion along membrane surfaces is timeand length-scale dependent [98], [99].

Figure 23. Proposed mechanism for the observed membrane protonation dynamics
dependence on the bulk buffer concentration in paper VIII. Three major proton exchange
pathways are considered, i.e., proton exchange between the membrane and the bulk
solution (I), proton migration along the membrane surface, with subsequent proton
exchange between the surface and the fluorophore (II), and direct proton exchange between
the membrane-bound fluorescein molecule and the bulk (III). Thickness of arrows
represents the magnitude of the proton exchange rates. A The proton exchange rates at low
buffer concentrations (<1 mM). B Proton exchange rates at medium buffer concentrations
(~4 mM). C Proton exchange rates at high buffer concentrations (>10 mM). D Monte Carlo
simulations of the phosphate buffer concentration dependence of kprot for fluoresceinlabeled NDs for different diameters (Inset: given in nm, within brackets). Apart from the
overall dependence of the experimentally accessible protonation rate kprot, the dependence
of the protonation rates of the individual pathways II and III on the bulk buffer
concentration is also shown. The differences in the simulated curves for ND (10)-ND (18)
are so small that they would not be experimentally discernible (magnified inset).
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Table 2: For the simulations in Figure 23 the following values of the
various parameters in the simulation were used.
Parameter

Value

dt

1·10-7 s

Comment

pH

8.1

pH used in the ND measurements (Figure 22C and
22D)

[Btot]

0.001-0.1 M

Buffer concentrations used in the ND measurements
(Figure 22C and 22D)

pKa of buffer

7.2

Parameter values for kH+1 and kH-1 (Equation 27) are
only included indirectly, via the pKa value for the
buffer and Equation 24 and 25.

Tsim

10 s

Ds

2·10-7 cm2/s

d (diameter of
nanodisc)

2-18 nm

k+1

5·108/[L][BH]s

k-1

5·108/[B]s

kH-2

1·106/s

kH+2

2·103/[L]s

k-2

4·104/s

kH+3

4·1010/[H]s

Taken from refence [93]

kH-3

5·104/s

Taken from refence [93]

k+3

9·105/[BH]s

Estimated from the rate plot in Figure 22B assuming a
pKa of phosphate of 7.2

k-3

6·105/[B]s

Estimated from the rate plot in Figure 22B assuming a
pKa of phosphate of 7.2

Taken from refence [93].

Estimated from experimental results in paper VIII
pKa(DOPG)=log[kH-2/kH+2] ≈2.7
Estimated from experimental results in paper VIII
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Chapter 5
Conclusions
In this thesis methods mainly based on STED, but also FCS and
Monte-Carlo simulations, are presented.
In paper I, the interaction between the membrane proteins
cytochrome-bo3 and ATP-synthase were investigated with FCCS.
These two proteins are a part of the process responsible for
converting ATP into ADP in E. coli, which in turn is a part of the
energy conversion process in the bacteria. The FCCS
measurements were performed in model membrane systems
consisting of Large Unilamellar Vesicles, LUV’s, and Giant
Unilamellar Vesicles, GUV’s, with the proteins reconstituted in the
vesicle membrane. We found that the smaller the spatial distance
(≤80 nm) between cytochrome-bo3 and ATP-synthase, the higher
the activity of ADP production. We also found that the lipid
composition affected the interaction between cytochrome-bo3 and
ATP-synthase. Higher fraction of DOPC lipids promoted the
interaction, and therefore increased the ADP production activity.
In paper II, we developed a new imaging technique to
determine absolute sizes of immobile particles on a surface. This
technique is based on the previously developed inverse-FCS
technique. We could show that our method could determine sizes
of particles about 7 times smaller than the resolution of the
microscope used to image the particles. If this would be combined
with super resolution methods, such as STED, it could possibly be
used to study domains and membrane structures below the
resolution limit.
In paper III and IV, STED imaging on Streptococcus
Pneumoniae was performed together with image analyses. These
bacteria are the cause of several severe, frequently deadly diseases,
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such bacterial meningitis. Therefore the understanding of the
defense mechanisms of Streptococcus Pneumoniae is of high
importance. With the high resolution of the STED imaging (~60
nm in paper III and ~25 nm in paper IV) we could see how
proteins involved in the binding of the brain blood vessels (paper
III) as well as proteins involved in the defense mechanism (paper
IV), distributed on a molecular length scale. Our results give
insights into the function of these proteins, as well as information
about possible targets for future treatments of diseases caused by
Streptococcus Pneumoniae.
In paper V, platelets activated by tumor cells were investigated
using STED imaging with added analyses, some of which was
based on a machine learning algorithm called Dictionary Learning.
We could show that the protein P-selectin revealed a circular
distribution pattern, only visible with super resolution imaging
with high labeling efficiency and specificity. From the presence of
these circular patterns of P-selectin in the platelets, we showed
that it was possible to automatically distinguish platelets activated
by tumor cells from platelets activated by non-cancer cell-lines,
chemically activated platelets and non-activated platelets. This will
hopefully shed light on the roll that platelets play in early cancer
development, metastasis and tumor growth. Also, by identifying
cancer-specific activated platelets, a minimally invasive diagnostic
tool based on a small blood sample could be a realistic future
application of platelet studies with fluorescence super resolution
microscopy.
In paper VI, VII and VIII, Monte-Carlo simulations were
used to investigate diffusion processes, mimicking biological and
experimental conditions in FCS measurements.
In paper VI, we simulated how the oligomerization of the
protein p53, affected the outcome of FCCS-measurements as p53oligomers bound to the MDM2 protein. This Monte-Carlo
simulation helped to explain the results obtained from
experimental FCCS data, and could show that the p53 in the
tetramer form was more abundant in the p53-MDM2 complexes.
This would have been difficult to conclude from the experimental
data alone, demonstrating the benefits of simulations together
with experiments.
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In paper VII, we investigated lipid diffusion in plasma
membranes when dynamic nano-domains are present. Lipids
could enter and exit these domains with certain probabilities. The
lipid diffusion inside and outside of the domains were also in
general different. This study was done purely with Monte-Carlo
simulations. However, presence of nano-domains in plasma
membranes is a hypothesis that is believed to be possible to
investigate with techniques such as STED-FCS. Our results from
the simulations gave a lower limit for how fast the lipid and
domain diffusion is, as well as a lower limit for the nano-domain
sizes in order to be detectable by STED-FCS. This could be an
important result for future STED-FCS experiments investigating
lipid dynamics in plasma membranes.
Paper VIII investigates the so called proton collecting antenna
effect, that is, that protonation is often accelerated close to lipid
membrane surfaces. The experimental results showed that the
buffer concentration in the aqueous bulk solution affected the
protonation at the lipid membranes in a quite different way than in
the bulk solution. . By setting up a hypothesis of the different
pathways the protonation could take, a Monte-Carlo simulation of
this model could reproduce the experimental results. The results
give support to the hypothesis for how protonation takes place at
biological membranes, and also show the strength of Monte-Carlo
simulation as a complement to FCS experiments.
To summarize I hope this thesis, not only shows the benefits of
fluorescence-based super resolution imaging, but also the benefits
of combing such techniques with computer simulations and
possibly also with other fluorescence methods such as FCS. To be
able to study biological processes on a molecular level in its natural
environment should open up many new interesting insights within
biophysics and life sciences and hopefully lead to many important
discoveries in the future.
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