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Abstract

Super-resolution techniques have enabled fluorescence microscopy to surpass the
diffraction limit of light and resolve nanoscale biological structures with molecular
specificity. As with other microscopy data, quantitative analyses of super-resolution
images have enabled great insight into the underlying architecture of many macro-
molecular structures. However, this is still a challenging process, especially in the
field of single-molecule localization microscopy (SMLM). Unlike pixelated images
yielded by most microscopy techniques, SMLM data is composed of a list of fluo-
rophore coordinates and their specific positional uncertainties. Therefore, applying
pixel-based approaches to SMLM data requires image rendering, which can cause
loss of information and can complicate the analysis. These drawbacks can be miti-
gated by using coordinate-based approaches.

However, currently available coordinate-based approaches in SMLM are typically
only applicable to simple geometries or require identical structures. These ap-
proaches do not support a basic task in structural analysis: postulating a model with
a suitable underlying geometry to probe key parameters in a biological structure.

Here, I present LocMoFit (Localization Model Fit), a new framework for fitting a
parameterized geometric model to SMLM data at the level of localizations. Based
on maximum likelihood estimation, LocMoFit extracts meaningful parameters from
individual structures and can select the most suitable model.

Using the nuclear pore complex, microtubules, and clathrin-mediated endocytosis
(CME) as examples, I demonstrate the application of LocMoFit in in situ struc-
tural biology for extracting descriptive parameters of complex, heterogeneous and
even dynamic structures. Beyond that, I further showcase applications including
assembling multi-protein distribution maps of six nuclear pore components, calcu-
lating single-particle averages without any structural prior, and reconstructing the
progression of endocytosis - a highly dynamic process - from static snapshots.

On the one hand, the quantitative analysis allowed to address a long-standing
controversy of how the clathrin coat is rearranged during CME in mammalian cells.
On the other hand, the dynamic reconstruction of representative endocytic proteins
over the endocytic progression shows the potential of revealing previously unknown
nanoscale features that may be associated with force generation during CME in
yeast.

To ensure all these functionalities are accessible, I implemented LocMoFit as open-
source and provided instructions and model templates. A simulation engine and
visualization routines are also supplied for users to examine the plausibility of their
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own analysis, which is also what I used to validate the robustness of the framework
in this work. With these, I believe LocMoFit will enable any user to extend the
information that can be faithfully extracted from SMLM data.
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Zusammenfassung

Superauflösende Techniken haben es der Fluoreszenzmikroskopie ermöglicht, die
Beugungsgrenze des Lichts zu überwinden und biologische Strukturen im Nanobe-
reich mit molekularer Spezifität aufzulösen. Wie auch bei anderen Mikroskopiedaten
hat die quantitative Analyse von superaufgelösten Aufnahmen neue biologische
Erkenntnisse ermöglicht. Allerdings stellen solche Untersuchungen noch immer eine
Herausforderung dar, insbesondere in der Einzelmolekül-Lokalisationsmikroskopie
(engl. single-molecule localization microscopy, SMLM). Im Gegensatz zu den pixelba-
sierten Bildern der meisten Mikroskopietechniken bestehen SMLM-Daten aus einer
Liste von Fluorophor-Koordinaten und den Unsicherheiten, mit denen sie bestimmt
wurden. Daher erfordert die Anwendung von pixelbasierten Ansätzen auf SMLM-
Daten die Rekonstruktion eines Bildes, was zum Verlust von Informationen führt
und die Analyse erschweren kann. Diese Nachteile können durch die Verwendung
koordinatenbasierter Verfahren verringert werden.

Derzeit verfügbare koordinatenbasierte Verfahren sind jedoch in der Regel nur auf
einfache Geometrien anwendbar oder erfordern identische Strukturen. Damit unter-
stützen sie eine grundlegende Aufgabe der Strukturanalyse nicht: die Erstellung
eines geometrischen Modells, um wichtige Parameter einer biologischen Struktur
zu untersuchen.

Hier stelle ich LocMoFit (engl. Localization Model Fit) vor, ein neues Verfahren wel-
ches das Fitten eines parametrisierten geometrischen Modells an SMLM-Daten
ermöglicht, und direkt auf der Ebene der Fluorophor-Koordinaten angewendet
wird. Auf der Grundlage der Maximum-Likelihood-Methode extrahiert LocMo-
Fit aussagekräftige Parameter aus einzelnen Strukturen und kann das am besten
geeignete Modell auswählen.

Am Beispiel von Kernporenkomplexen, Mikrotubuli und Clathrin-vermittelter En-
dozytose (engl. clathrin-mediated endocytosis, CME) demonstriere ich die Anwendung
von LocMoFit in der in situ Strukturbiologie zur Extraktion von Parametern kom-
plexer, heterogener und sogar dynamischer Strukturen. Darüber hinaus stelle ich
weitere Anwendungen vor, darunter die Bestimmung der räumlichen Verteilung
von sechs Kernporenkomponenten, die Berechnung einer Durchschnittsstruktur aus
einzelnen Partikeln ohne strukturelles Vorwissen und die dynamische Rekonstrukti-
on des Verlaufs der Endozytose – eines hochdynamischen Prozesses – aus statischen
Einzelaufnahmen.

Einerseits ermöglichte die quantitative Analyse der CME in Säugetierzellen die Auf-
klärung einer langjährigen Kontroverse darüber, wie die Clathrin-Hülle während
des Prozesses umgeordnet wird. Andererseits zeigt die dynamische Rekonstruktion
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vier verschiedener Proteine – die als Beispiel für verschiedene endozytotische Mo-
dule dienen – während der Endozytose in Hefe das Potenzial von LocMoFit, bisher
unbekannte Merkmale im Nanobereich aufzudecken, die mit der Krafterzeugung
während der CME im Zusammenhang stehen könnten.

Um all diese Funktionalitäten leicht zugänglich zu machen, habe ich LocMoFit
als Open-Source-Programm implementiert und Anleitungen und Modellvorlagen
bereitgestellt. Funktionen zur Simulation und Visualisierung sind ebenfalls enthal-
ten, damit die Nutzer die Plausibilität ihrer eigenen Analysen überprüfen können.
Ich glaube, dass LocMoFit es jedem Nutzer ermöglicht, mehr Informationen aus
SMLM-Daten zu extrahieren.
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1 | Introduction

Seeing is believing. Granted by microscopy, the ability to visualize things smaller than
naked eyes can see has revolutionized biological research. This change can be dated
to 1665 when Robert Hooke discovered ‘cells’ using a microscope (Hooke, 1667).
Later in 1677, Antonie van Leeuwenhoek observed ‘small animals’ in rainwater,
again bringing microscopy to the attention of the public (van Leewenhoeck, 1677).
Centuries later, fluorescence microscopy, invented in 1911 (Heimstädt, 1911), has
become a common tool and fostered the development of many fields including
cell biology. Progress in labeling strategies such as fluorescently labeled antibodies
(Coons et al., 1942) and fluorescent proteins (Chalfie et al., 1994; Prasher et al., 1992)
has illuminated the targets of interest and allowed the observation of biological
processes that had been previously invisible.

The application range of fluorescence microscopy has been expanded also by techni-
cal advances such as the Total Internal Reflection Fluorescence (TIRF) microscope
and confocal microscope (Thorn, 2016). However, the diffraction of light causes the
pattern of a point light source imaged by an optical microscope to be no longer a
point but a blurred disc. In conventional microscopy, the blurring causes the emitters
that are less than a few hundreds of nanometers apart to overlap so that they cannot
be resolved (Abbe, 1873). This limit had remained a challenge until the invention of
super-resolution microscopy techniques.

1.1 Super-resolution microscopy

When two point sources of light are closer than a minimal distance, they become
indistinguishable under a microscope. The minimal distance d, according to the
criteria derived by Rayleigh (Rayleigh, 1903), is given as follows:

d =
0.61λ

n sin θ
=

0.61λ

NA
(1.1)

Here, λ is the wavelength of the observed light, n is the refractive index of the
imaging medium, and θ is the half opening angle of the objective lens. n sin θ can be
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also represented as the numerical aperture (NA), which defines the resolving power
of a microscope objective.

In the following sections, I will discuss the new techniques that have been invented
in the past decades to break the diffraction limit in fluorescence microscopy (Figure
1.1).

1.1.1 Structured illumination microscopy (SIM)

Because of the diffraction limit, fine details, or high-frequency structures of the
imaged target, cannot be acquired with a conventional microscope. By transfer-
ring high-frequency structures in the specimen to the low-frequency space that is
observable by a microscope, SIM (Gustafsson, 2000) improves the resolution by a
factor of up to 2 based on a structured pattern of illumination (Figure 1.1a). This
improvement relies on Moiré fringes, which are the lower-frequency interference
pattern of two superimposed non-identical fine patterns. In SIM, these two patterns
are the imaged target and a known pattern of structured illumination, where peri-
odic parallel sinusoidal stripes are the most common pattern. For the same imaged
target, shifting and rotating the illumination pattern yields different sets of Moiré
fringes that contain different parts of the high-frequency structure. Therefore, by
combining these sets of fringes, more complete high-frequency information can be
reconstructed. This reconstruction requires computational analyses that are usually
performed in the Fourier space. Furthermore, by creating the same pattern along
the axial direction, SIM can be extended to the third spatial dimension (Gustafsson
et al., 2008).

In principle, SIM does not require specialized fluorophores, although bright and
photostable fluorophores are preferred. This preference is to fulfill the premise that
the imaged structure remains identical across all images acquired subsequently.
Benefiting from its relatively low illumination power requirement and widefield
mode, SIM has lower phototoxicity and higher imaging rate compared to most other
super-resolution techniques, making SIM suitable for live-cell imaging. Further
advances of SIM, such as non-linear SIM (NL-SIM) (Gustafsson, 2005; Rego et al.,
2012) and light-sheet SIM (Breuninger et al., 2007; Keller et al., 2010), have opened up
the application range of SIM with improved resolution and reduced phototoxicity.
However, we have to keep in mind that the imperative data processing of SIM
can potentially cause artifacts (Schaefer et al., 2004) that have to be evaluated and
avoided (Ball et al., 2015; Förster et al., 2016).

SIM has been used to visualize single nuclear pore complexes (NPCs) in 3D in fixed
cells (Schermelleh et al., 2008), and the dynamics of clathrin-mediated endocytosis
together with the cortical actin cytoskeleton in live cells (Li et al., 2015).
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Figure 1.1 | Overview of super-resolution microscopy techniques. (a) Structured illumi-
nation microscopy (SIM). By superpositioning the unknown high-frequency sub-diffraction
pattern in the sample with a structured sinusoidal illumination, Moiré fringes can be gener-
ated, which carry the partial information of the unknown pattern as an observable lower-
frequency pattern. By integrating Moiré fringes created with different orientations of the
illumination pattern, the unknown pattern can be reconstructed, with the resolution im-
proved twofold. (b) Stimulated emission depletion (STED). The donut-shaped depletion
beam superpositioned with the excitation beam suppresses the fluorescence emission in
the periphery, thereby reducing the size of the effective point spread function (PSF). The
superpositioned beams raster scan across the field of view (FoV), yielding a super-resolution
image. (c) Expansion microscopy (ExM). By embedding and covalently linking biomolecules
to a hydrogel which gets swelled subsequently, structures within the biological specimen
get expanded and therefore enlarged. The enlargement allows resolving of diffraction-
limited structures by conventional microscopes. (d) Single-molecule localization microscopy
(SMLM). Single emitters of photoactivatable fluorophores labeling specific biomolecules
are acquired in the frames of a blinking movie. Positions of these non-overlapping emitters
can be obtained by fitting a PSF. A super-resolution image can then be reconstructed and
rendered based on the list containing the fitted positions or localizations, and their uncer-
tainties. (e-f) Minimal emission fluxes (MINFLUX). A donut-shaped excitation beam is used
to probe a single emitter with a specific scanning pattern. Here, a typically used triangular
pattern is illustrated. The fluorophore’s position is estimated geometrically based on the
photons detected from the positions. This approach leads to the dependence of localization
precision σ on the scanning pattern size L and photon count N . Iteratively scanning with
decreasing size L and updating the center position achieves better localization precision.
The use of a 3D donut can extend MINFLUX to 3D imaging. Subpanels b, c, e, f have been
adapted from Liu et al., 2022 with permission. Subpanel d has been adapted from Wu et al., 2020, on
which I am the co-first author, with permission.
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1.1.2 Stimulated emission depletion (STED)

STED is a scanning imaging technique that yields higher resolution than SIM.
STED achieves super-resolution by reducing the effective size of the PSF to the
sub-diffraction range (Figure 1.1b). In practice, this is implemented by positioning
a donut-shaped depletion illumination on top of the focus of the excitation laser
beam to confine the fluorescence to the center of the donut (Hell and Wichmann,
1994). Scanning through the sample with such a sub-diffraction PSF produces a
super-resolution image without the need for data processing after image acquisition.
The depletion illumination is red-shifted (so-called STED beam) compared to the
excitation and emission maxima. The STED beam induces the stimulated emission
of an excited fluorophore: instead of returning back to the original ground state
and releasing the emission spontaneously, the fluorophore returns back to a ground
vibrational state with higher energy and releases red-shifted photons that have the
same wavelength as the STED beam. 3D STED can be achieved by incorporating
another incoherent STED beam producing a bottle-shaped focus to confine the
fluorescence axially.

In principle, a higher power of the STED beam reduces the size of the central zero
intensity more and yields better resolution. However, the higher power increases
photobleaching and phototoxicity, so a reasonable power has to be adapted for
sample compatibility. Therefore, the typical resolution achieved by STED is between
30 to 80 nm (Sydor et al., 2015).

The generalized STED concept is adapted to RESOLFT (REversible Saturable Opti-
caL Fluorescence Transitions), which requires a fluorophore that has two reversibly
switchable distinct states that can be optically converted (Hofmann et al., 2005). In
RESOLFT, usually a donut-shaped illumination that can switch the fluorophore to
an invisible off state is used to replace the STED beam. The off-switching illumina-
tion usually requires much less intensity compared to the STED beam and hence
drastically reduces the phototoxicity caused by imaging.

Optimized STED and RESOLFT can be used for performing live imaging, including
the study of dendritic spines in mouse brain (Berning et al., 2012; Steffens et al., 2021)
and dynamics of sub-organelle structures (Stephan et al., 2019; Damenti et al., 2021).

1.1.3 Expansion microscopy (ExM)

Instead of pushing the limit of optical resolution, sub-diffraction resolution has been
also achieved by tweaking the sample preparation such as physically expanding
the sample in ExM (Figure 1.1c; Chen et al., 2015). In the post-expansion sample,
the space between molecules in a sub-diffraction region is physically expanded
by a factor of 4 to 10 and the molecules become resolvable by diffraction-limited
microscopes such as a standard confocal microscope (Wassie et al., 2019).
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Practically, the fixed sample is embedded in a dense network of a swellable hy-
drogel based on acrylamide. The hydrogel is then swelled by water, so as the
embedded sample therein. Prior to the expansion, the biomolecules of interest
(DNA/RNA/protein, etc.) or labels have to be anchored to the hydrogel network to
retain their relative positions. Afterwards, to retain the structural integrity of the
post-expansion sample, protease digestion or protein denaturation before expansion
is necessary. Based on different protocols, the fluorescence labeling can be done pre-
or post-expansion. The latter option has the advantage of having the fluorophore
not rendered non-fluorescent by covalent modifications during the polymerization
reaction of the hydrogel. Because the expansion of the spacing between the label and
target is avoided, the linkage error can be reduced proportionally to the expansion
factor (Zwettler et al., 2020).

The modified sample preparation protocol is independent of the optical setup and
therefore can be combined with other super-resolution techniques such as single-
molecule localization microscopy (see the next section 1.1.4; the combined technique
is termed ExSMLM; Zwettler et al., 2020) to further improve the resolution. However,
ExM is not live cell compatible, regardless of the protocol being used. In addition,
non-isotropic expansion can distort the embedded biological structure (Thevathasan
et al., 2019). Iterative ExM with unspecific labeling of the whole proteome (pan-ExM)
has achieved EM-like ultrastructural context of cells (M’Saad and Bewersdorf, 2020).

1.1.4 Single-molecule localization microscopy (SMLM)

1.1.4.1 The working principle of SMLM

SMLM is again a widefield imaging method. In conventional microscopy, all fluo-
rophores are excited at the same time, resulting in the fluorophores distributed in
a sub-diffraction region indistinguishable because of overlapping emitters. SMLM
takes advantage of some fluorophores that can be turned on and off (so-called blink-
ing) to separate the emitters of fluorophores in subsequent time points or camera
frames (Figure 1.1d). In each frame, the density of the emitters is low enough so
they do not overlap with each other. Therefore, the centroids of emitters can be
faithfully determined as the molecular positions (usually called localizations) of
the fluorophores. This procedure is repeated until the majority of the fluorophores
are bleached, resulting in a table of localization coordinates and their respective
uncertainties. A super-resolved image can then be reconstructed based on this table.

SMLM is a term that encompasses several techniques including PhotoActivated
Localization Microscopy (PALM), STochastic Optical Reconstruction Microscopy
(STORM), and Point Accumulation for Imaging in Nanoscale Topography (PAINT).
They share the same principle as described above but achieve blinking differently.
Albeit not defined strictly, conventionally, PALM refers to SMLM that use a pho-
toswitchable fluorescence protein, whereas a synthetic dye is used in STORM. In
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PAINT, blinking is achieved by binding and unbinding of fluorogenic molecules
that become fluorescent upon binding. In the PAINT extension DNA-PAINT, instead
of a fluorogenic molecule, the binding and unbinding are realized by a fluorescent
dye-conjugated DNA strand that binds to its complementary DNA strand labeling
the structure of interest (Jungmann et al., 2010).

1.1.4.2 Resolution in SMLM

The resolution of SMLM is determined by two factors: the localization precision and
the sampling rate. Localization precision determines how precise an emitter can be
localized. In the ideal case, i.e., without any background and with small pixel size,
the localization precision can be determined as:

σx,y ≥
σPSF√
N
. (1.2)

Here σPSF is the size of the PSF, and N is the photon count (Thompson et al., 2002).
The localization precision represents the spread (standard deviation) of a Gaussian
describing the localization distribution as if it results from repeated measurements
of the same fluorophore. Therefore, a worse localization precision corresponds to a
higher uncertainty of localizing the fluorophore. Accordingly, this equation implies
that a brighter and more in-focus emitter yields a more precise localization.

The sampling rate of the structure is the second factor. Now, imagine a continuous
structure such as a line decorated by localizations continuously. If the labeling
density is too low, the underlying structure will not be represented (e.g., the line
appears as short segments or random clusters), hence we still get a rather low
resolution despite good localization precision. This is in line with the theorem widely
used in signal processing, stating that sampling twice than the desired frequency is
required (Nyquist, 1928).

In SMLM, the following equation describes the relation between sampling rate and
resolution (Shroff et al., 2008):

RNyquist =
2
d
√
ρ
. (1.3)

Here d = 1, 2, 3 is the spatial dimensionality of the data, and ρ is the labeling density.
This equation is sufficient to describe resolution if RNyquist � σx,y. Otherwise, the
resolution has been revised to be

Roverall =
√
σ2
x,y +R2

Nyquist (1.4)

to incorporate the effect of σx,y (Legant et al., 2016). These equations are based on the
Nyquist–Shannon sampling theorem, which assumes that each sampling happens
with an equal spacing. In SMLM, the stochastic nature of localizations does not



1.1 Super-resolution microscopy 7

fulfill such an assumption. A higher localization density is thus required to achieve
the desired resolution (Legant et al., 2016).

These theorems were derived based on continuous structures. However, for a dis-
crete structure such as the nuclear pore complex (NPC; described in Section 1.3),
increasing density of localization does not necessarily provide more information
about the scturcture. Labeling efficiency, the fraction of target proteins that are
detected by imaging, is instead a more relevant factor.

1.1.4.3 3D SMLM

One way to extend SMLM to 3D is by encoding the third dimension in the PSF. The
key concept is to make the PSF shape depth-dependent, from which we can extract
the axial positions of emitters. A conventional but yet powerful way is to introduce
astigmatism to the light path, which elongates the PSF differently at distinct axial
positions. With the astigmatic PSF, an imaging depth of 1 µm can be achieved. To
expand the axial range, different PSF engineering methods have been proposed,
which differ in the shape of the PSF. For example, a double-helix PSF enables an
axial range of 2 µm and a tetrapod PSF 20 µm. The axial information can also be
acquired via different microscope configurations. For example, by simultaneously
imaging in multiple focal planes acquired by splitting the emitted fluorescence
in different optical paths (Juette et al., 2008; Hajj et al., 2014). This has achieved
an imaging depth of 4 µm (Hajj et al., 2014). Another method is interferometric
PhotoActivated Localization Microscopy (iPALM) or 4Pi-Single-Molecule Switching
(4Pi-SMS). In 4Pi-SMS, emission from the same fluorophore is collected by two
objectives (one above and one below the imaging plane) and directed into two
different light paths. The different length of the paths creates a phase shift between
the two emission beams, which are then brought to interference and generate four
different interference patterns encoding axial information (Hell and Stelzer, 1992).
The interference patterns are extremely sensitive in the axial direction, thereby
enabling an isotropic resolution (Jia et al., 2014).

With supercritical angle fluorescence (SAF), 3D information can be acquired inde-
pendently of the PSF shape. SAF is the portion of fluorescence that is above the
critical angle after being directed into the material with higher refractive index, e.g.,
from the imaging medium to the coverslip, when the source fluorophore is very
close to the interface (Hellen and Axelrod, 1987; Novotny, 1997). The major portion
of the fluorescence through the interface are under the critical angle, hence the name
undercritical angle fluorescence (UAF). SAF intensity has an almost exponential
decay in response to the increasing axial position of a fluorophore, thus providing
precise axial resolution. However, it only works within a few hundreds nm of the
coverslip because the intensity is undetectable for deeper fluorophores (Deschamps
et al., 2014; Bourg et al., 2015). SAF intensity also depends on the brightness of the
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emitter and thus requires a normalization by UAF. dSALM (direct Supercritical-
Angle Localization Microscopy), the most recent implementation of SAF-based 3D
SMLM, achieves an axial localization precision of 4 nm by efficiently measuring SAF
and UAF (Dasgupta et al., 2021).

Despite the development of new techniques, the simplicity of astigmatic PSF still
makes it the most common implementation of routine 3D SMLM.

1.1.4.4 Fluorophores in localization microscopy

Fluorescent proteins The earliest implementations of SMLM were based on fluo-
rescent proteins that can be “turned on” from an undetectable state to a detectable
state . This transition can be achieved by photoactivation, as used in fluorescence
PhotoActivation Localization Microscopy (fPALM) (Hess et al., 2006), or photocon-
version, as used in PALM (Betzig et al., 2006). Photoactivatable proteins, such as the
photoactivatable version of GFP (green fluorescent protein; Patterson and Lippincott-
Schwartz, 2002), involve the activation of the fluorophore from a non-fluorescent
dark state to a fluorescent bright state (Figure 1.2a). Photoconvertible proteins, such
as EosFP (Nienhaus et al., 2005) and the more photostable mMaple (McEvoy et al.,
2012), involve the conversion of the fluorophores’ spectra from one range to another
that can be selectively detected by the camera (Figure 1.2b). These transitions are
based on either chemical modification, backbone cleavage, or cis-trans isomeriza-
tions (Lukyanov et al., 2005). When its transition is reversible, the fluorescent protein
is referred to as photoswitchable, such as Dronpa (Ando et al., 2004). Photoswitch
allows the fluorescent protein to go through multiple activation cycles, leading to
more detectable localizations and thus higher sampling (Durisic et al., 2012).

Fluorescent proteins can be genetically fused to the target protein, when which is
labeled endogenously at each locus, every protein copy is labeled in principle, thus
having the highest labeling efficiency. However, in practice, labeling efficiencies
typically do not exceed 70 % (Thevathasan et al., 2019) because of undetectable labels
due to factors including incorrect folding and incomplete chromophore maturation
of the fluorophore, incompatible local pH, and photobleaching.

A downside is that the weaker fluorescence emitted by fluorescent proteins com-
pared to synthetic dyes commonly used in SMLM, leading to worse localization
precision. Furthermore, most fluorescent proteins tend to form oligomers, which
could cause mislocalization or aggregation of the labeled target protein (Landgraf
et al., 2012; Wang et al., 2014). This issue can be mitigated by engineering the fluores-
cence protein to be more monomeric, such as mMaple3 in comparison to mMaple
(Wang et al., 2014).

Organic dyes To have the advantage of higher photon counts, it is desirable to
use organic dyes for SMLM. However, the dyes used in conventional microscopy
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Figure 1.2 | Photoinduction mechanisms of fluorophores. Fluorophores can undergo pho-
toinduction through photoactivation (fluorophore changes from a non-fluorescent to a
fluorescent state; a) and photoconversion (fluorescence shifts from one wavelength to an-
other; b). The reversible photoinduction is often specifically termed photoswitching (c).
Subpanels a & c have been adapted from Sample et al., 2009; Chozinski et al., 2014 with permission.
Subpanel b has been adapted from McEvoy et al., 2012, distributed under CC0 1.0 Universal (CC0
1.0) Public Domain Dedication.
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typically cannot be photoswitched. Therefore, to use existing dyes for SMLM, either
specific imaging buffers or modifications to the dyes are required. Apart from being
bright, an ideal photoswitchable dye for SMLM has to be photostable, with a low
on-off duty cycle and with high switching cycles. The duty cycle, the ratio of time
that a fluorescent dye is in a detectable state, determines the maximum density
of emitting fluorophores in each image frame (Dempsey et al., 2011). Therefore, a
higher duty cycle corresponds to a fast imaging speed.

These criteria make dyes from the xanthene and cyanine groups popular in SMLM.
Actually, the first implementation of STORM is based on cyanine dyes Cy3 and Cy5,
which are used in a pair as the activator and the reporter, respectively (Rust et al.,
2006). Prior to activation, Cy5 excited by red laser light (633 nm) is turned into its
dark state by thiols provided in the buffer to form a thiol-cyanine adduct (Figure
1.2c). Adjacent Cy3 then absorbs green light (532 nm), transferring energy to the
Cy5 molecule and activating it. This cycle can be iterated for several times until the
dye is photobleached. In direct STORM (dSTORM), the activator has been shown
as unnecessary, as it can be replaced by UV light, achieving direct photoswitch
(without an activator dye; Dempsey et al., 2009). The same mechanism has been
applied to Alexa Fluor 647 (AF647), a Cy5 derivative that is brighter and thus used
in many studies.

Another group of commonly used dyes is photoactivatable xanthene dyes. In this
group, silicon rhodamines are favored because of their red-shifted emission and
cell-permeability (Koide et al., 2011). These dyes have an equilibrium between a
fluorescent zwitterion and a non-fluorescent lactone. To facilitate their use in SMLM,
usually a caging group is attached to the dyes to “lock” them in their non-fluorescent
form (Lukinavičius et al., 2013; Grimm et al., 2017). Upon illumination of UV light, the
caging group can be released and the dye molecule is turned to its fluorescent form
(Grimm et al., 2013; Lukinavičius et al., 2013). This photoactivation is irreversible and
requires only UV illumination, therefore specific imaging buffers are not needed.
Commonly used dyes also include rhodamine derived Janelia Fluor (JF) dyes, which
provide options across various spectra (Grimm et al., 2017).

1.1.4.5 Labeling strategies

Apart from the fluorophore, the labeling strategy has a direct impact on the image
quality in many aspects including linkage error, labeling efficiency, and specificity.
Linkage error arises from the displacement between the fluorophore and the target
molecule. Depending on the labeling strategies, the displacement ranges from a few
to ~25 nm, which is often detectable with the resolution of SMLM, complicating
the inference of the true location of the target molecule. Another factor, labeling
efficiency, reflects the fraction of target molecules that carries an effective label,
determining the sampling rate of the labeled structure. Low labeling specificity, on
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the other hand, can result in unspecific staining, causing unwanted background
localizations and/or artifacts.

Covalent labeling Fluorescent labels can be directly linked to the target molecule
through covalent bonds. One common and straightforward way is to fuse a gene
encoding the target protein genetically with a fluorescent protein. With this live-
cell compatible labeling, every target protein carries one label, resulting in high
labeling specificity and labeling efficiency, and in theory zero background. Note that
the labeling efficiency still cannot reach 100 %, as discussed in Section 1.1.4.4. The
linkage error induced by this approach is mild, roughly the size (2 to 5 nm) of the
fluorescent protein (Rodriguez et al., 2017).

To benefit from the high brightness of synthetic dyes, a covalent label can be realized
using self-labeling enzymes. Unlike the previous strategy, here the fluorescent pro-
teins are substituted with engineered enzymes. Although these enzymes themselves
are not fluorescent, they can be covalently linked to their fluorescent dye-conjugated
ligands through their enzyme function. For example, SNAP-tag is a mutated ver-
sion of the human DNA repair enzyme O6-alkylguanine-DNA-alkyltransferase.
SNAP-tag specifically reacts with its bio-orthogonal substrate benzylguanine that
is conjugated with dyes (e.g, AF647) in a irreversible manner (Keppler et al., 2003).
Other common options are CLIP-tag, which is a modified version of SNAP-tag
that reacts with O2-benzylcytosine (Gautier et al., 2008), and Halo-tag, which is a
bacterial haloalkane dehalogenase that reacts with primary chloroalkane (Los et al.,
2008). These membrane-permeable substrates render self-labeling enzymes suitable
for live cell imaging. However, this characteristic is often compromised when an
impermeable conjugated dye, e.g., AF647, is used.

The aforementioned labeling strategies usually incorporate the tags to N- and C-
termini of the target proteins to not disturb the protein functions. In contrast, site-
specific labeling is enabled by using unnatural amino acids (UAAs), where a non-
proteinogenic amino acid with a functional group is incorporated into the sequence
of the target protein (Horisawa, 2014). Dyes can be covalently linked to the functional
group via ‘click chemistry’, resulting in the smallest linkage error of all labeling
approaches. However, this technique is complicated because it requires the co-
expression of a tRNA, its respective tRNA synthetase, and a mutated version of
the protein of interest (Wang et al., 2001). This system also can suffer from the low
expression level of the mutated protein. The mutated protein’s truncated version
that does not incorporate the UAA can also be expressed, leading to low labeling
efficiency and protein malfunction (Elia, 2021). In addition, UAAs that are free or
incorporated into non-target proteins can cause unspecific background.

Affinity-based probes The previously mentioned approaches involve cell or pro-
tein engineering, which requires additional effort and time. On the other hand,
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antibodies have been widely used for labeling target proteins in cell biology, thus
can be a readily option, especially when they are commercially available. The la-
beling can be performed with a fluorophore-conjugated primary antibody that
specifically binds to the target, or with a fluorophore-conjugated secondary antibody
in addition to an unconjugated primary antibody it binds to. The major shortcoming
of using antibodies is the large linkage error (~10 nm to 25 nm) resulting from their
large molecular size (~150 kDa). Nanobodies, an antibody fragment containing a
single monomeric variable antibody domain, can be used similarly to antibodies but
reduce linkage error significantly due to the much smaller size (~13 kDa) (Pleiner et
al., 2015). Nanobodies can be obtained commercially or be produced with screening
techniques including phage display (Holliger and Hudson, 2005). Other alternatives
are small binding molecules that can be selected to have affinity to specific target
proteins. Such molecules that have been applied in SMLM include affimers (Carring-
ton et al., 2019), which are single-stranded oligonucleotides, and aptamers (Strauss
et al., 2018), which are small polypeptides.

1.1.4.6 Multi-color SMLM

To study the spatial relations between different proteins, imaging different targets in
the same field of view is required. In SMLM, this can be achieved by simultaneous
labeling of different targets with spectrally well-separated fluorophores, which are
then imaged simultaneously on separate camera channels or sequentially on a single
detector (Dempsey et al., 2011). However, finding imaging buffers and acquisition
parameters that suit all used fluorophores can be challenging because they usually
favor different imaging conditions, as discussed in 1.1.4.4. Other limitations include
registration errors introduced by field-dependent and chromatic aberrations.

Ratiometric SMLM is another approach to achieve multi-color SMLM. It uses spec-
trally overlapping fluorophores that can be excited by the same wavelength and
produce highly overlapping emission spectra. During image acquisition, the emis-
sions are split into two spectral channels, and the intensity ratio of the emitters
between the two channels identifies specific fluorophores (Schönle and Hell, 2007;
Zhang et al., 2020). This approach avoids the registration error because position
information can be acquired based on only one channel.

Using the same fluorophore to detect different targets through the same channel is
another option. In this approach, termed multiplexing, the blinking kinetics is the
same when imaging individual targets because they are labeled by the same fluo-
rophore. Only one channel is used so spectral cross-talk and chromatic aberrations
can be avoided. One implementation of this approach is to combine different activa-
tors with the same reporter (see Organic dyes in Section 1.1.4.4), so that targets labeled
with distinct activators can be activated by different wavelengths but still yield the
same emission spectrum (Bates et al., 2007). Another implementation of multiplexing
is to use different probes to label distinct targets and detect them sequentially with
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the same fluorophore, with washing steps between different detections. This can be
achieved in STORM by using different primary antibodies and respective secondary
antibodies conjugated with the same dye (Klevanski et al., 2020), or in DNA-PAINT
by labeling different targets with their own specific docking stands, followed by
iterating cycles of adding, imaging, and removing the respective complementary
imager strands conjugated with the same fluorophore (Schueder et al., 2017). A
limitation of sequential multiplexing is that each target is imaged in an independent
round, lacking a common structure that can be used as the reference for alignment
and drift correction. Therefore, the addition of fiducial markers to the sample is
commonly used to provide such a reference (Jungmann et al., 2014).

1.1.4.7 High-throughput SMLM

The long acquisition time of SMLM is a major technical challenge, hampering the
throughput required for statistical significance in, e.g., structural quantification
and particle averaging. Through years of development, approaches to increasing
throughput have been established. One of these approaches is automated SMLM
imaging (Holden et al., 2014; Beghin et al., 2017; Mund et al., 2018), which enables
unsupervised data acquisition over hours or days by reducing user intervention.
Throughput can also be increased by expanding the information that can be ac-
quired in the same amount of time. One example is to increase the field of view
by incorporating new homogeneous illumination schemes (Deschamps et al., 2016;
Douglass et al., 2016; Stehr et al., 2019). Another example is to increase the imaging
speed, either by switching the fluorophores faster using a stronger activation laser
(Lin et al., 2015; Thompson et al., 2002) or by increasing the density of emitters per
frame. A drawback of the faster switching is that the image quality is compromised
by photobleaching induced by the high excitation laser power, suffering from loss
of fluorophores and reduced photon counts. (Diekmann et al., 2020). High-density
imaging, on the other hand, results in overlapping emitters and thus requires multi-
emitter fitting algorithms (Zhu et al., 2012; Huang et al., 2016; Babcock and Zhuang,
2017; Barentine et al., 2019; Nehme et al., 2020), deep learning–based high-density
fitters (Speiser et al., 2021), or optimization of PSF engineering (Nehme et al., 2020).

1.1.4.8 Minimal emission fluxes (MINFLUX)

MINFLUX is a recent advance in super-resolution microscopy (Figure 1.1e,f). This
technique produces the same type of data (i.e., localization coordinates and their
uncertainties) as other SMLM techniques but based on a different working principle.
This scanning-based approach probes an activated photoactivatable fluorophore
with a donut-shaped beam, same as the pattern used in STED for depletion but here
for excitation (Balzarotti et al., 2017; Eilers et al., 2018; Gwosch et al., 2020).

Instead of the fitted position of an emitter in a camera frame, the precisely controlled
position of the beam is used as the position readout. Theoretically, when the central
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minimum of the illumination pattern is located at the position of the molecule, no flu-
orescence can be generated. A position slightly off-center can generate fluorescence
with intensity determined by the illumination pattern. By scanning positions around
the fluorophore based on the predefined scanning pattern, the emitter’s position can
be geometrically solved based on the number of detected photons (Gwosch et al.,
2020; Schmidt et al., 2021). Combining iteratively scanning with shrinking the radius
of the scanning pattern simultaneously further improves the precision.

MINFLUX has been shown to resolve the NPC structure based on the nucleoporin
Nup96 tagged with the photoconvertible fluorescent protein mMaple with high
precision (2 nm) and low photon budget in a living cell. Although this is a milestone,
the imaging speed, e.g., ~2 min for acquiring one NPC (Gwosch et al., 2020), is
too slow for most dynamic processes in living cells. Moreover, imaging the whole
structure of interest at different time points requires to revisit the same fluorophores
iteratively. This requirement cannot be fulfilled yet because no photoactivatable
fluorophore can undergo sufficient switching cycles in a live-cell compatible manner.

1.2 Quantitative data analysis in SMLM

Now with SMLM, we can visualize much more structural details which was not
possible with conventional microscopy. Quantitative analysis of these structural
features is necessary to link them to biological functions. However, extraction of
quantitative measures is commonly done by applying pixel-based analysis to ren-
dered super-resolution images. This adds another layer of complexity to the analyses
and makes exploiting the full information in the SMLM coordinates difficult because
of the obscuring effects caused by rendering (Baddeley et al., 2010). To avoid such an
issue, I suggest to analyze the SMLM coordinates directly with coordinate-based
algorithms. This would allow us to interpret the the underlying biology more re-
liably and quantitatively (Nicovich et al., 2017). In the following, I will discuss the
state-of-the-art of coordinate-based approaches (Figure 1.3).

Single cluster analysis

Geometric
analyses

Topological
analyses

Particle fusion

Spatial descriptive 
statistics

a cb Segmentation

Figure 1.3 | Overview of data analysis in SMLM. Data analysis approaches that are ap-
plied to coordinate-based SMLM data directly, avoiding the requirement for prior image
reconstruction. The analysis methods can be classified as spatial descriptive statistics (a),
segmentation of single clusters (b), and analysis of single clusters (c). Adapted from Wu et al.,
2020, on which I am the co-first author, with permission. Individual components in c are adapted
from Shi et al., 2017; Pike et al., 2018; Heydarian et al., 2021 with permisison.
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1.2.1 Spatial descriptive statistics

The first class of the approaches is spatial descriptive statistics (Figure 1.4a). It can be
used to study overall spatial distribution patterns (random, clustered, or dispersed)
across the entire region of interest. The term ‘clusters’ refers to the regions where
the density of molecules is higher than that of the surroundings when the distri-
bution is non-uniform. We are interested in the distributions of molecules because
they are usually linked to biological functions. For example, the oligomerization
state of a receptor is related to its signaling activity (Pageon et al., 2016). Spatial
descriptive statistics covers different algorithms such as the pair correlation function
g(r) (Sengupta et al., 2011) and the Ripley’s K function K(r) (Owen et al., 2010) that
allow extracting features including the average size and density of all clusters. Both
these algorithms profile the localization density as a function of the length scale but
calculate the density differently. g(r) draws concentric rings with increasing radii
around each localization and calculates the average localization density for rings
with the same size (ii,iii in Figure 1.4a). Fitting g(r) with a Gaussian or exponential
function has been used to quantify the cluster size (iv,v in Figure 1.4a; Sengupta
et al., 2011; Shivanandan et al., 2016). Terms for fluorophore reactivation have been
proposed to be incorporated to reduce false clustering (Sengupta et al., 2011). In
the Ripley’s K function K(r), however, concentric disks are used instead of rings.
L(r)− r, a K(r) derivative where L(r) =

√
K(r)/π, is more commonly used than

K(r) itself. This is because L(r)− r is more intuitive as it outputs zero for a random
distribution, a positive value for a clustered, and a negative value for a dispersed.
The use of concentric rings and disks makes K(r) a cumulative distribution function
and g(r) a probability density function, respectively. The difference makes the pair
correlation function less robust to noise (e.g., nonspecific labeling) but accumulate
less errors like fluorophore reactivation induced overcounting (Deschout et al., 2014).
Both functions have been applied to characterize the connections between density
of clusters and cellular/functional states (Owen et al., 2010; Sengupta et al., 2011).
Recently, PERPL (Pattern Extraction from Relative Positions of Localizations; Curd
et al., 2021), derived from the pair correlation function, was developed to extract
the structural features that are repetitively present in the data, e.g., the radius and
symmetry of the NPC (vi-viii in Figure 1.4a).

However, spatial descriptive statistics are limited by their high sensitivity to repeat-
edly localized fluorophores and large-scale heterogeneity. The “average” nature of
these approaches also convolutes the interpretation of the results.

1.2.2 Segmentation of single clusters

To avoid the limitation of spatial descriptive statistics, individual clusters can be
identified and analyzed separately. The process of identifying clusters and their
localizations is called segmentation (Figure 1.4b). Having single clusters identified,
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Figure 1.4 | Clustering analyses in SMLM. (a) Spatial descriptive statistics. Simulated
Gaussian clusters (i) are used as the example data. In pair correlation analysis, concentric
rings (ii) with increasing radii (a, b, and c) are placed around each localization. The resulting
profile (iii) across length scales (each corresponding to a ring) is calculated based on the den-
sity per ring, followed by averaging over all localizations. The cluster size can be estimated
by performing a Gaussian fit to the pair correlation function. Ripley’s K-function is similar
to the pair correlation function, except that the concentric rings are replaced by disks (iv).
The peak in Ripley’s L(r)− r function (v), a derivative of the K-function, represents the full
width at half maximum of the Gaussian clusters. PERPL (Pattern Extraction from Relative
Positions of Localizations) is an analysis based on the relative position distribution (RPD),
closely related to the above-mentioned functions. It can be applied to extract parameters of
repetitive structures. For example, Nup107 in the nuclear pore complex (vi) is converted to
its RPD (vii), which is fitted with a model curve (red) derived from a potential model (viii).
In vii, the colors of the component distributions of the sum curve indicate their origin in
the model (viii). (b) Examples of segmentation approaches. In density-based approaches,
the density (ii) of neighbors within a user-specified spacing r for each localization is first
calculated. In DBSCAN (Density-Based Spatial Clustering of Applications with Noise),
all neighbors are connected, compared to the connection of a point to its highest-density
neighbor in ToMATo (Topological Mode Analysis Tool). A cluster ID is then assigned to
localizations in the same “tree”. Density can be defined differently, e.g., by the inverse area
of Voronoi polygons (iii). Afterwards, a density map (vi) can be calculated, where clusters
can be determined by thresholding. Adapted from Wu et al., 2020, on which I am the co-first
author, with permission. The PERPL-related components are taken from Curd et al., 2020 which is
distributed under Creative Commons Attribution License (CC BY-NC-ND 4.0.)
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basic parameters including the size and density of each cluster can be easily quanti-
fied. The major steps in segmentation algorithms for SMLM are density calculation,
density thresholding, and cluster assignment of each localization. A common and
simple segmentation approach is based on a rendered SMLM image. In the image,
the intensity value of each pixel relates to localization density. Usually, an intensity
threshold is applied to define high density adjacent pixels, in which localizations are
assigned as a cluster. However, the intensity value depends on user-defined settings
for image rendering and does not necessitate a proper density readout. Therefore,
I will focus on segmentation approaches that can be applied to coordinate data
directly and thus avoiding image rendering. Two such approaches are DBSCAN
(Density-Based Spatial Clustering of Applications with Noise; Endesfelder et al.,
2013) and ToMATo (Topological Mode Analysis Tool; Pike et al., 2018). They define
the number of other localizations within a user-specified distance from a single
localization as its density. After the density calculation for all localizations, DB-
SCAN connects localizations, with a density higher than a user-defined threshold,
within a user-defined spacing (iv in Figure 1.4b). In comparison, ToMATo instead
connects a localization only to the neighbor that has the highest density within
a user-defined spacing (v in Figure 1.4b). This iterative procedure starts from the
localization with the highest density and forms candidate clusters or ‘trees’. Finally,
these trees go through a persistence-based merging across different density scales
and form clusters. Although ToMATo can distinguish close clusters better (Pike
et al., 2018), both approaches suit clusters with different size and shapes. Certainly,
different definitions of density, with corresponding threshold, can also be used for
clustering. These definitions include the L(r) function (Owen et al., 2010) and the
inverse of a polygon area in a Voronoi diagram (iii,vi in Figure 1.4b; Andronov et al.,
2016), for each localization.

Segmentation is not necessarily always based on density. For example, in k-means
clustering, localizations are assigned to the nearest one of the k reference points,
initially determined at random, and form k clusters. The centroids of the clusters
are used as updated reference points for the next round of the assignment. This
procedure iterates until convergence and yields the final clusters.

However, an optimal segmentation approach that suits all different biological struc-
tures does not exist. Simple and widely used approaches such as DBSCAN or k-
means clustering can be a good start. In the case when they fail to properly identify
clusters, other approaches can be further explored.

1.2.3 Analysis of single clusters

Although biological structures in SMLM data can be seen as clusters, many of them
contain substructures that cannot be represented simply by cluster size or density.
To better understand complex biological structures, further analysis is necessary. I
will discuss some possible options (Figure 1.3c) in this section.
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1.2.3.1 Geometric Analyses

In many cases, the structure of interest can be approximated by a certain under-
lying geometry (e.g., rings, disks, stripes, spheres, tubes, and their derivatives). A
parametrized model derived from the postulated geometry can then be used to
analyze the structure, usually through model fitting. The fitting can be executed in
different dimensionalities, with or without dimension reduction. The most common
approach is based on the line profile (Figure 1.5a), a histogram showing the density
of localizations projected along a user-defined line or axis. This process reduces the
data to 1D and enables description of the structure using a simpler geometric model
when applicable. For example, the line profile along an actin filament (Xu et al.,
2012) or microtubule (Dempsey et al., 2011) can be fitted by a Gaussian or double
Gaussian to quantify the size or diameter. Similarly, the distance between peaks in
the line profile of actin rings that are distributed repetitively along the axon axis
can be quantified as the spacing between the rings (Xu et al., 2013). However, this
approach has some drawbacks. First, the user-defined axes can lead to a selection
bias. Second, annotating user-defined axes can be laborious and therefore hampers
the throughput. Furthermore, the dimension reduction causes loss of information
and can convolute the interpretation of data, especially when the shape is complex.

These issues can be prevented by analyzing the data in its original dimensionality.
However, the available options are quite limited, usually to a ring structure. For
example, the Hough transform can extract the diameters and centers of rings such
as the viral particles in rendered SMLM images of 2D projections (Laine et al., 2015).
The same purpose can be achieved by fitting a ring model directly to the localization
coordinates, for example, to the top-view projections of the NPC (Szymborska et al.,
2013; Thevathasan et al., 2019) or cilium (Shi et al., 2017; Figure 1.5b). Although these
measurements were conducted in 2D, the original data dimensionality, it is not the
real dimensionality of the structures, which is 3D. Even in 2D, rings are still a special
case despite a common shape in biology. A single particle (cluster) analysis for fitting
an arbitrary model to the data in its original dimensionality is still missing.

1.2.3.2 Classification

Clusters containing heterogeneous structures can be classified based on machine
learning (ML) or topological features. The identified classes can then guide further
analysis, for example, by suggesting the geometry to the model fitting discussed
earlier.

In the routine of the ML-based classification, the user has to first decide the ML
model and descriptors to use. Then the model has to be trained by the user using
single particles with their classes annotated. The trained model has to be validated,
usually based on simulated particles where the ground-truth classes are known,
before it can be used to classify experimental data. This workflow can be performed



1.2 Quantitative data analysis in SMLM 19

RPGRIP1L NPHP1

B9D1 TMEM231

b Circular fita Line profile

Localization histogram
CEP164

D

RPGRIP1L

NPHP1

B9D1

TMEM231
CEP164

200 300 400
Diameter [nm]Transverse position [nm]

Fr
eq

ue
nc

y

38 nm

-60 -30 0 30

120

80

40

0
60

Cilia proteinsMicrotubule

-70 nm -70 nm

70 nm

a b

c Align and
sum

d Particle fusionc Topological analysis

(i)

(ii)

(ii)

(i)

Birth scale

D
ea

th
 s

ca
le

Figure 1.5 | Geometric analyses in SMLM. (a) The line profile of the structure of interest,
e.g., a microtubule, can be used to extract specific parameters, like the diameter, by perform-
ing a double Gaussian fit. (b) A circular fit can be used to quantify the diameter of ring
structures such as cilia components. (c) Topological analysis identifies features (in this case
two holes; i) based on their birth and death scales (dots: smaller purple ring) shown in a
persistence diagram (ii). Features below the persistence threshold (dotted line in ii) are con-
sidered as not meaningful (here is a random hole formed by connections between the rings).
In i, connections between localizations at three various length scales are shown. (d) With
particle fusion, single copies (i) of the identical structure (here the 3D tetrahedron-shaped
DNA-origami nanostructure) can be fused by alignment to yield a high contrast average
(ii; based on 256 copies). Scale bars: 250 nm (a), 100 nm (b), 50 nm (d). Adapted from Wu
et al., 2020, on which I am the co-first author, with permission. Components have been adapted from
Dempsey et al., 2011; Pike et al., 2020; Heydarian et al., 2021; Shi et al., 2017, with permission.
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in, e.g., ASAP (Automated Structures Analysis Program; Danial and Garcia-Saez,
2019).

Topological data analyses, on the other hand, classify the structures according to
topological shapes such as connected components, holes, and, in 3D, enclosed
voids (Figure 1.5c). These shapes are more abstract but can provide insights into
the functions of the classified structures. Recently, a persistent homology-based
topological data analysis was introduced to SMLM (Pike et al., 2020). It classifies
structures based on the identified topological shapes that are persistent across
different length scales. The persistence is determined by the graph showing the
length scales where the shapes appear (so-called birth scale) and disappear (death
scale).

Topological data analyses and geometric shape classification are not exclusive to
each other. For example, topological single holes in 2D could imply a geometric ring
shape.

1.2.3.3 Particle Fusion

Interpreting the underlying structures based on single particles alone is usually
hard because of the insufficient accuracy, which is determined by the data quality.
The quality is limited by some key factors including localization precision, label
displacement, and incomplete labeling (Thevathasan et al., 2019). Nevertheless,
single particles can be seen as resulting from imperfect sampling of the underlying
structures. When single particles share the same underlying structure, it can be
reconstructed by registering and fusing the particles, improving the contrast and
labeling efficiency and thus resolution (Figure 1.5d). This concept originates from
electron microscopy where many images of the same protein complex are aligned to
solve its structure. Although the methods in EM can be directly applied to rendered
images of particles in SMLM (Sieben et al., 2018), a coordinate-based adaption was
made to take the sparsity of SMLM data and localization precision into account
(Heydarian et al., 2018; Schnitzbauer et al., 2018). The adaption was shown to enhance
data sampling of synthetic structures and to reconstruct the underlying structure of
the NPC (Heydarian et al., 2018; Heydarian et al., 2021).

1.3 The nuclear pore complex (NPC)

The NPC is a common test sample for microscopy and was also used in this work.
This complex is a channel spanning the nuclear envelope for transporting substances
across the nuclear membrane in both directions. Many copies of the complex are
distributed in the nuclear membrane (Figure 1.6a, where the nucleoporin labeling
identifies the nuclear envelop). Here, I will discuss the NPC in human cells. The
NPC is formed by ~30 proteins, called nucleoporins (Nups). The complex has a size
of 120 MDa (Reichelt et al., 1990), a diameter of approximately 110 nm, and a total
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height of ~80 nm (Schwartz, 2016). Small molecules can passively diffuse through
the pore. The classical active import/export pathways for larger molecules involve
nuclear transport receptors (importins and exportins) and the small GTPase RAN in
an energy-dependent manner (Görlich and Kutay, 1999).

a b c

Figure 1.6 | The nuclear pore complex. (a) Example side-view and top-view confocal
images of a U2OS cell with endogenous Nup96 tagged with GFP (green) and membranes
stained with DiD (magenta). (b-c) the nuclear pore complex (NPC) scaffold. The cross-
section (b) and the view seen from the cytoplasm (c) are shown. ONM: outer nuclear
membrane; INM: inner nuclear membrane; ONYC: outer nuclear Y-complex; OCYC: outer
cytoplasmic Y-complex; INYC: inner nuclear Y-complex; ICYC: inner cytoplasmic Y-complex;
CC: cytoplasmic connector; NC: nuclear connector; ONCM: outer nuclear core module;
INCM: inner nuclear core module; OCCM: outer cytoplasmic core module; ICCM: inner
cytoplasmic core module. Scale bar: 10 µm. Panel a has been adapted from Thevathasan et al.,
2019, on which I am a co-author. Panels b & c have been adapted from Beck and Hurt, 2017 with
permission.

1.3.1 The structure of the NPC

The NPC shows an eight-fold rotational symmetrical arrangement of subunits. It
can be divided into sub-structures including cytoplasmic filaments, a cytoplasmic
ring, an inner pore ring, a nucleoplasmic ring, and a nuclear basket (Figure 1.6b,c;
Beck and Hurt, 2017). The channel between the inner and outer nuclear membrane
is formed by the inner pore ring, which anchores the cytoplasmic and nucleoplasmic
rings as a whole. The cytoplasmic filaments and the nuclear basket extend from
the cytoplasmic and nucleoplasmic rings into the cytoplasm and nucleoplasm,
respectively.

Nups can be classified into two groups: scaffold Nups and FG-Nups, although
FG-Nups also have scaffolding functions (Beck and Hurt, 2017). Scaffold Nups are
characterized by folded domains and contribute to the NPC architecture. These Nups
form stable subcomplexes, the building blocks of the complex. They comprise the
Y-complex, the NUP214 complex, the NUP62 complex, and the inner ring complex.
In contrast, FG-Nups contains intrinsically disordered domains. FG-Nups have
been given their name because they are rich in phenylalanine (F) and glycine (G)
repeats. Most of FG-Nups form the central channel and create a protein meshwork,
which contributes to the permeability barrier of the pore (Li et al., 2016). The nuclear
transport receptors interact with FG-repeats of FG-Nups when passing through the
channel.
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1.3.2 The Y-complex

The most well-studied subcomplex, the Y-complex, has seven conserved subunits:
Nup96, Nup160, Nup133, Nup85, Nup107, Seh1, and Sec13 (Bui et al., 2013). These
sub-units together form a Y-shaped architecture (Figure 1.7a), hence the name ‘Y’-
complex. Three additional sub-units Nup43, Nup37 and Elys further bind to the
subcomplex in a species-specific manner (all three in vertebrates; Nup37 and ELYS
present in some fungi). A dimer of two Y-complex copies that are rotationally shifted
can be seen as the basic structural unit in mammals (Figure 1.7b). Eight copies of the
dimer concentrically are distributed in each of the cytoplasmic and nucleoplasmic
rings in a head-to-tail manner, with opposite orientations in the different rings. The
subcomplex has 32 copies in total which is also the case for all of its subunits, except
for ELYS, which only binds to the nucleoplasmic ring (Beck and Hurt, 2017) and
hence has only 16 copies.

Basic element:
Dimer of two shifted vertices

a b Positions in the NPCY-complex

Figure 1.7 | Y-complex substructure. (a) The distribution of nucleoporins forming a Y-
complex substructure. (b) In the nuclear pore complex (NPC), 2 copies of shifted Y-complex
vertices form a dimer, which is the basic building block. Eight dimers together form one of
the cytoplasmic and nucleoplasmic rings, resulting in 32 copies of the substructure per NPC.
Both panels have been adapted from Beck and Hurt, 2017; Bui et al., 2013 with permission.

1.4 Clathrin-mediated endocytosis

In this work, I used CME as a representative dynamic structure. Clathrin-mediated
endocytosis (CME) is one, arguably the most well-known one, of the multiple
pathways of endocytosis, which is an essential process that a eukaryotic cell uses
to internalize substances, or cargoes, from the cell surface. Endocytosis is involved
in many physiological functions, including nutrient uptake, receptor signaling,
membrane remodeling, pathogen entry, neurotransmission, etc.

During CME, cargoes are loaded to an endocytic site. The plasma membrane of the
site undergoes bending and invagination, and then is ’pinched off’ by scission, form-
ing a separate vesicle (McMahon and Boucrot, 2011). This process includes a gradual
and dynamic coat formation. More than 50 endocytic proteins, including the key
component clathrin, are recruited subsequently and form the endocytic machinery
to drive the bending and invagination of the plasma membrane. These proteins are
modular in terms of their functions and are highly conserved among eukaryotes,
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across yeast and mammalian cells. In mammals and yeasts, most endocytic proteins
have homologues, at least functional homologues, with only a handful exceptions.

In this study, we use both mammalian cells and yeast cells as models, as they are
commonly used for studying CME. We used clathrin coats in mammalian cells for
a pioneer method development and extended the analysis to multiple endocytic
proteins in yeast, covering different functional modules. Therefore, I will only briefly
summarize CME in mammalian cells and discuss its yeast counterpart more in
depth.

1.4.1 CME in mammalian cells

1.4.1.1 Endocytic machinery

Here, I will provide a brief overview of CME in mammalian cells and focus on the
debate of how clathrin drives membrane bending. The machinery that drives CME
assembles at the plasma membrane by sequentially recruiting endocytic proteins
that are functionally modular, with the key signature—the clathrin coat. The coat
is formed by clathrin and other proteins such as clathrin adaptors and scaffold
proteins. Clathrin itself does not bind to the plasma membrane, therefore its link to
the membrane has to be mediated by clathrin adaptors, which bind to cargo and
specific lipids in the membrane. These adaptors can be heterotetrameric, e.g., AP2
complex, or monomeric ,e.g., members of the CALM (clathrin assembly lymphoid
myeloid leukaemia protein) family and epsins (Ford et al., 2002; Cocucci et al., 2012;
Kelly et al., 2014; Messa et al., 2014; Miller et al., 2015; Kadlecova et al., 2016). The
coat components are held together by scaffold proteins, which interact with each
other and the adaptors. The scaffolds include clathrin, epidermal growth factor
receptor substrate 15 (EPS15), epidermal growth factor receptor substrate 15-like
1 (EPS15R), and intersectins (Henne et al., 2010; Umasankar et al., 2012; Ma et al.,
2016). An endocytic event has been proposed to be coordinatively initiated by some
or all proteins that form the ’pioneer module’. The pioneer module includes the
BAR domain proteins F-BAR domain only protein 1 (FCHO1), AP2, EPS15, EPS15R,
and intersectins 1 and 2 (Henne et al., 2010; Taylor et al., 2011; Cocucci et al., 2012;
Umasankar et al., 2012; Brach et al., 2014; Ma et al., 2016).

After the coat has assembled, proteins of the actin module are recruited to the
endocytic site to form an actin network that potentially generates force for membrane
bending. The members in this module are the actin network building blocks and
regulatory components. Examples of these regulatory components are members
of the Wiskott–Aldrich syndrome protein (WASP) family, which are nucleation
promoting factors (NPFs) of actin filament (F-actin) polymerization, myosin motor
proteins, and dynamin (Taylor et al., 2011). Apart from actin itself, the network is
built up by many actin-binding partners such as the Arp2/3 complex (formed by
actin-related protein 2 (ARP2) and ARP3 (Merrifield et al., 2004; Kaksonen et al., 2006),



24 Introduction

which mediates actin nucleation. However, the requirement of actin polymerization
for CME in mammalian cells is inconclusive, but has been shown to depend on the
surrounding environment, e.g., high transmembrane pressure or tight cell contact,
according to an increasing number of studies (Pontes et al., 2017; Djakbarova et al.,
2021; Kaplan et al., 2021).

The invagination has to be separated from the plasma membrane to form a vesi-
cle toward the end of the process. This separation is mediated by members of the
scission module, which includes BAR domain proteins (e.g., endophilins and am-
phiphysins) and the GTPase dynamin. The membrane-binding BAR domains have
been characterized as curvature sensors. BAR domain proteins with different pre-
ferred membrane curvature have been proposed to be recruited to an endocytic site
subsequently to increase of the curvature (Daumke et al., 2014). Dynamin is then
recruited, forming an oligomer and mediates further constriction and scission in a
GTP-dependent manner (Antonny et al., 2016).

Finally, the disassembly of the endocytic machinery is driven by proteins of the
uncoating module, including chaperones, protein kinases, and lipid phosphatases
(Massol et al., 2006; Taylor et al., 2011).

1.4.1.2 Clathrin coat formation

The coat has been considered as the main driving force of membrane bending, where
clathrin triskelia have been shown to be key. During coat formation, ordered lattices
of clathrin are organized into hexagons and pentagons, forming both flat and curved
structures. Currently, there are two contradictory models of coat formation: the
constant area model and the constant curvature model (Figure 1.8). The constant
area model suggests that the coat remains flat until it grows to its final surface
area and thereafter continuously acquires curvature until the vesicle is formed
(Figure 1.8a). The first supporting evidence is that in EM micrographs, the coats
have been found with different curvatures, assuming a growth continuum formed
by all imaged clathrin structures. (Heuser, 1980). Later, flat clathrin lattices have been
shown to be mostly hexagonal, which has been considered as topologically stable.
In this case, the transition to the spherical geometry requires a dynamically difficult
and energetically costly rearrangement of the clathrin lattice which is unlikely to
happen (Kirchhausen and Toyoda, 1993). Therefore, the constant curvature model
has been proposed, which assumes that the clathrin coat maintains the constant
curvature of the final vesicle throughout the process and continuously grows in
surface area over time to generate a complete sphere (Figure 1.8b). Flat clathrin
structures are not considered as endocytic precursors and thus not included in the
model.

However, recent studies have again reported that the curvature of flat clathrin coats
can change during endocytosis (Doyon et al., 2011; Aguet et al., 2013; Avinoam et al.,
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Figure 1.8 | Current models of clathrin coat formation. One of the two current models of
clathrin coat formation is the constant area model (a), which assumes that the the coat gains
its final area on the flat membrane, followed by increasing curvature via coat remodeling.
Another model is the constant curvature model, which hypothesizes that the coat maintains
the same curvature throughout the biological process and the coat grows by increasing its
surface area. Adapted from Mund et al., 2022, on which I am a co-author.

2015; Kaplan et al., 2021). As a result, clathrin remodeling has regained the field’s
attention recently (Kaksonen and Roux, 2018; Sochacki and Taraska, 2019; Chen and
Schmid, 2020). Interestingly, studies based on different methods supported either
the constant area model (Avinoam et al., 2015; Sochacki et al., 2021), the constant
curvature model (Willy et al., 2021). Even a combination (Bucher et al., 2018; Yoshida
et al., 2018; Tagiltsev et al., 2021) and the co-existence (Scott et al., 2018) of both
models have also been reported. Therefore, the underlying model of coat formation
is still inconclusive.

1.4.2 CME in Saccharomyces cerevisiae

Despite the high similarity, there are some major differences of CME in mammals
and yeasts. These differences are mostly for overcoming forces (higher than 1,000 pN)
that are exerted on the membrane invagination by turgor pressure during endocyto-
sis in yeast (Dmitrieff and Nédélec, 2015; Ma and Berro, 2021). The pressure, which
is only present in walled cells, is caused by the fluid stored in the cells pushing the
plasma membrane to the cell wall.

The first main difference is in the geometry of invagination. In mammalian cells,
the plasma membrane invaginates into a round, spherical geometry (McMahon and
Boucrot, 2011), whereas the shape is much more elongated in yeast cells (Figure 1.9;
Kukulski et al., 2012). Second, the timing of membrane bending differs despite the
similar overall lifetime. In mammalian cells, the bending begins shortly after the coat
assembly starts, whereas in yeast cells the bending initiation roughly coincides with
the beginning of actin polymerization. Lastly, the driving force of the membrane
bending is different. In mammals, the coat has a major contribution to bending,
in contrast to the strictly required involvement of actin polymerization in yeasts.
In mammals, the involvement of actin polymerization in bending is still debated,
probably it is required in a membrane tension-dependent manner (Kaplan et al.,
2021).
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Figure 1.9 | Schematic model of clathrin-mediated endocytosis in budding yeast. On the
flat membrane, early proteins are recruited followed by the arrival of other coat proteins
at the endocytic site. The late coat then recruits the yeast WASP protein Las17, which at
membrane forms a ring that patterns the nucleation of the actin polymerization. Membrane
invagination starts during the initiation of the network. Later, proteins mediating membrane
scission are recruited to the neck of the invagination. As shown in the schematic, endocytic
proteins in the same functional modules have similar radial distributions. The size of the
distributions correlates with the time when the proteins are recruited to the endocytic sites
before the arrivals of the scission proteins, with the early proteins being recruited in the
center and later proteins toward the periphery. Note that half of the actin network is not
shown for clarity. Adapted from Mund et al., 2018 under the CC BY 4.0 license.

1.4.2.1 The early module

CME is initiated at a flat membrane. In budding yeast, the process starts with a
long-lasting but dispensable early phase (Brach et al., 2014), which is temporally
variable. Ede1 (yeast homolog of mammalian Eps15) and Syp1 (yeast homolog of
mammalian FCHO1/2) are the two earliest proteins that arrive at the endocytic site.
These proteins, which physically bind to each other (Reider et al., 2009), enhance
the initiation of CME and participate in cargo recognition (Stimpson et al., 2009).
Syp1 has a membrane-binding F-BAR domain, which was shown to regulate lipid
dynamics within membranes (Zhao et al., 2013). Recently, the phase separation
property of Ede1 has been suggested to contribute to the initiation of CME (Kozak
and Kaksonen, 2019). However, deletions of both proteins and even additional
5 earliest-arriving proteins do not entirely abolish endocytosis in cells (Brach et
al., 2014). Other initiator candidates are clustered cargo and PIP2. However, Ede1
arrives before α-factor that binds to its receptor Ste2 accumulates (Toshima et al.,
2006). Formation of actin patches, a signature of the late phase of CME, is not
reduced when PIP2 levels are reduced (Homma et al., 1998). Therefore, up to date,
how endocytic events initiate in budding yeast, is still not fully understood.

1.4.2.2 The coat module

The early coat Following the early module, coat proteins which arrive early are
clathrin, AP2, and the two paralogs Yap1801/2 (yeast homolog of mammalian
Picalm). The clathrin heavy chain and light chain are coded for by genes CHC1
and CLC1, respectively. Compared to mammalian cells, clathrin and AP2 are not
essential for CME in yeast and clathrin does not bind to AP2 (Yeung et al., 1999).
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Although the deletion of the clathrin heavy chain reduces the number of endocytic
events in yeast cells, the events progress regularly except for much more variable
vesicle size and scission time, compared to wild type cells (Kukulski et al., 2016). The
clathrin adaptors Yap1801/2 interact with clathrin through their C-terminal clathrin-
binding motif (CBM). They also contain an N-terminal membrane-binding ANTH
domain that binds to PIP2 and multiple Asn-Pro-Phe tripeptide motifs, which is a
ligand of EH (Eps15-homology) domains that are found in many endocytic proteins.
The single and double deletions of YAP1801 and YAP1802 show that they have
a cargo-specific role but do not affect the internalization of most cargoes tested
(Burston et al., 2009).

The intermediate coat At this stage, CME transitions from the long, variable early
phase to the late phase that is more regular when invagination occurs. The next
recruited coat proteins are Sla2 (yeast homolog of mammalian Hip1R) and two
paralogs Ent1/2 (yeast homolog of mammalian epsin-like proteins). Sla2, which is
key to the transition, binds to the membrane (PIP2) and F-actin through its ANTH
and THATCH (talin-HIP1/R/Sla2p actin-tethering C-terminal homology) domains,
respectively. These connections link the endocytic coat to F-actin and transmit the
force generated by actin polymerization to membrane invagination (see 1.4.2.4).
Ent1/2 contain an ENTH (Epsin N-terminal homology) domain that binds PIP2,
cargo-binding ubiquitin-interacting motifs (UIMs), Asn-Pro-Phe motif, a variant
clathrin box motif that binds clathrin, and an actin-binding domain. At the end of
this stage, endocytic events are stalled until the presence of cargo to get through the
‘cargo checkpoint’ that has been proposed recently (Pedersen et al., 2020).

The late coat This stage is the beginning of the mobile late phase. The major late
coat proteins are Pan1, End3, and Sla1, which together form an intersectin-like
complex (Tang et al., 2000). Sla1 recruitment, mediated by Pan1 along with End3 and
cargo peptide motifs, (Tang et al., 2000; Tolsma et al., 2020) can predict whether an
endocytic event will undergo internalization (Newpher and Lemmon, 2006), in line
with the aforementioned checkpoint. Sla1 has three PR (proline-rich) region-binding
SH3 (SRC homology 3) domains, two cargo-interacting Sla1 homology domains,
and a clathrin-binding motif. Phosphorylation sites on its C-terminus contribute to
uncoating after vesicle scission (Warren et al., 2002). Sla1 recruits Las17 (Sun et al.,
2006), a component of the actin assembly machinery. Pan1 has Yap1801/2 interacting
EH domains and is the only essential coat protein. It can stimulate actin nucleation
by Arp2/3, and activate the type-I myosins Myo3/5 (Duncan et al., 2001; Barker
et al., 2007).

1.4.2.3 The WASP/Myo module

A highly branched network of short F-actin encloses the invagination and provides
the pulling force that drives invagination. This force is for counteracting the turgor
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pressure that, pushing the plasma membrane to the cell wall, is caused by osmosis.
Such a network does not form spontaneously but requires nucleation of F-actin by its
nucleator Arp2/3 complex activated by NPFs in the WASP/Myo module. The key
NPFs are Las17 (yeast homolog of mammalian WASP/N-WASP) and type I myosins
(yeast homolog of mammalian myosin I) Myo3/5 (yeast homolog of mammalian
myosin-1E). Las17 has a WH1 (WASP homology 1) domain and a SH3-interacting
PR region. This protein also has a C-terminal WCA domain that are formed by a
G-actin (globular actin)-binding WASP homology 2 (WH2), a central, and a Arp2/3-
interacting acidic subdomains (Winter et al., 1999). The WCA domain is therefore
in charge of supplying G-actin to Arp2/3 nucleated F-actin. Myo3/5 have a motor
domain, one membrane-binding tail homology (TH) domain, one actin-binding TH
domain, an SH3 domain, and an acidic patch. Through its SH3 domain, myosin I
interacts with the F-actin binding protein Vrp1, and the two proteins together form
an functional WCA domain equivalent, which has NPF activity. Myo3 and Myo5
are functionally redundant in endocytosis, only double mutants show pronounced
defects (Geli and Riezman, 1996). Their motors are oriented toward the center of
the site (Mund et al., 2018), possibly involved in translocation of F-actin to assist
endocytosis, independent of their NPF activity (Lewellyn et al., 2015; Manenschijn
et al., 2019). The endocytic function of myosin I requires its motor and NPF activities.

Actin polymerization starts about 20 s later than the arrival of Las17 at the endocytic
site. Such a delay must be mediated by other inhibitors because Las17 has no
autoinhibition function (Rodal et al., 2003). The known inhibitors are the early
protein Syp1, the coat protein Sla1, and Bbc1 from the WASP/Myo module. Sla1,
Las17, and Bbc1 distribute radially at the endocytic site with increasing radius
(Mund et al., 2018). Sla1 and Bbc1 potentially define the inner and outer boundaries
of the Las17 ring, creating patterned Arp2/3 activity (Mund et al., 2018). Bzz1 (yeast
homolog of mammalian syndapin), a F-BAR protein that arrives after the departure
of another F-BAR protein Syp1, has been suggested to be recruited by Syp1-induced
membrane curvature. The recruited Bzz1 releases Las17 from the inhibition by Sla1,
potentially by competing with the Las17 binding of Sla1 through the PR region of
Las17 (Soulard et al., 2005; Boettner et al., 2009).

The proteins of the WASP/Myo module stay at the membrane base of the endo-
cytic site throughout the invagination, whereas the coat proteins are internalized.
However, Myo5 and Las17 have been shown to locate at the tip and the side of
invagination, respectively (Idrissi et al., 2008).

1.4.2.4 The actin module

When NPFs in the WASP/Myo module have assembled, the nucleator Arp2/3
complex is then recruited, followed by actin polymerization, leading to a dynamic
branched actin network that encloses and drives the invagination. F-actin is a
polarized structure and grows in a directed manner. After nucleation, ATP bound
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G-actin monomers are added to the barbed end and ATP soon gets hydrolyzed to
ADP and inorganic phosphate (ATP→ ADP + Pi) after G-actin binding. Pi is then
disassociated in a rather slow manner. Association of a monomer with different
forms of nucleotide and Pi corresponds to three different conformations of the actin
monomer, representing an aging process. These distinct states of actin are associated
with different dynamics, interacting partners, and mechanical properties of the
entire or part of the actin filament (Dominguez and Holmes, 2011).

The barbed end quickly gets capped by capping complexes to ensure a shorter
length (around 100 nm) of the filament by preventing further addition of monomers.
The capping complex includes a Cap1/Cap2 heterodimer (capping protein, CP),
which binds to newly formed free barbed ends, Aip1/Cofilin, which binds to old
ADP-actin barbed end, and Abp1/Aim3, which binds to both.

Meanwhile, cross-linkers bind to F-actin in the network and bridge branched fila-
ments, increasing the rigidity of the network. The main cross-linkers here are Sac6
and Scp1. Sac6 has two actin-binding domains, each containing two calponin ho-
mology (CH) domains (Klein et al., 2004). Scp1 has an N-terminal CH domain and
a C-terminal calponin-like repeat (CLR). Unlike Sac6, actin binding by Scp1 is not
mediated by its CH domain but by two different regions in its PR motif and CLR,
respectively (Gheorghe et al., 2008).

Sac6 has a dominant role in actin network rigidity (Planade et al., 2019) and has been
reported to be important for membrane bending (Picco et al., 2018). Sac6 deletion
has a stronger defect than deletion of Scp1 (Gheorghe et al., 2008). Turnover of the
actin network occurs constantly, starting within seconds of the initial polymeriza-
tion. Filaments are debranched, severed, and depolymerized (Goode et al., 2015),
releasing actin monomers that can be reused. During an endocytic event, the whole
actin network is turned over 3 to 5 times (Kaksonen et al., 2003; Lacy et al., 2019).
The turnover allows the plasticity of the network to adapt to shape change while
maintaining the pulling force. Contributing factors include Aim7 (yeast homolog of
mammalian GMF), Cof1 (cofilin), and crn1 (coronin). By binding to Arp2/3 com-
plexes, Aim7 promotes filament debranching of the network and inhibits nucleation
at the bound site (Gandhi et al., 2010; Boczkowska et al., 2013). Upon binding to
ADP-actin, Cof1 causes twisting and thus severing of the actin filament. This Cof1
binding and severing are enhanced by Crn1 (Mikati et al., 2015).

Abp1 has been shown to bind dynamically to sides of F-actin, and to associate stably
with Arp2/3 branch junctions. Abp1 protects the junctions from Aim7-induced
debranching. These findings suggest that Abp1 can mediate actin nucleation at
filament sides and contribute to the turnover (Guo et al., 2018).
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1.4.2.5 The scission module

In this stage, a newly formed vesicle is released through scission of the invaginated
membrane. In contrast to the requirement of the GTPase dynamin for scission in
mammalian cells, Vps1 (yeast homolog of mammalian dynamin) is not necessary
for this process in yeast (Nannapaneni et al., 2010). Instead, scission in yeast is
mediated by a heterodimer of BAR domain proteins Rvs161/167 (yeast homologs of
mammalian endophilin/amphiphysin; Friesen et al., 2006). Although the dimer has
been reported to form a scaffold that binds to the tubular part of the invagination, it
is still not fully understood how these proteins contribute to scission (Idrissi et al.,
2008). The binding has been proposed to impose friction at the narrow neck by
limiting lipid diffusion, and in turn leads to membrane fission under the pulling
force provided by the actin network (Kaksonen and Roux, 2018).

Once the new vesicle is formed, uncoating occurs rapidly so that the vesicle and
fuse with its target endosome and proteins can be released for new endocytic events.
Proteins with different functions have to orchestrate to disassemble the coat entirely
from the membrane and from each other. For example, the coat proteins have to
be phosphorylated by protein kinases including Ark1 and Prk1 (yeast homolog
of mammalian AAK1) before disassembly. PI(4,5)P2 has to be converted to PI(4)P
through dephosphorylation by lipid phosphatases Inp51/52/53 (yeast homologs of
mammalian synaptojanin) to weaken the interactions between coat proteins and the
membrane (Toret et al., 2008; Goode et al., 2015).

1.4.2.6 Systematic investigation of endocytosis at the nanoscale

In a previous work of our group, Mund et al., 2018 have systematically studied
the average radial distributions of 23 different endocytic proteins in budding yeast
(Figure 1.10). Here, I will summarize some main findings. First, these proteins,
covering all functional modules, form well-defined structures such as patches or
rings at the endocytic sites, except for the proteins in the early module. Second, the
size of the distributions positively correlates with the temporal recruiting order of the
proteins at the endocytic sites, implying a center-to-periphery expansion determined
by the progression of recruitment. Furthermore, Las17 has been reported to form a
ring-like nano-template on the plasma membrane and to pattern actin nucleation.
According to a modeling analysis, this pattern controls the force generation via actin
and is important for efficient vesicle formation.

The same study also demonstrated that the dynamics of endocytosis can be recon-
structed from super-resolution snapshots (Figure 1.11), based on the prior knowl-
edge of the continuous inward movement of Abp1 centroid and the stable position-
ing of Las17 at the invagination base during endocytosis, reported by a live-cell
study (Picco et al., 2015). Specifically, the centroid positions of Abp1 in the side-view
snapshots are quantified with respect to Las17, providing temporal clues for sorting
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Figure 1.10 | Average radial distributions of 23 different endocytic proteins in budding
yeast. Using single molecule localization microscopy (SMLM), by focusing on the bottom
of yeast cells (a), thousands of endocytic sites in the bottom view have been acquired and
yielded the average radial distributions (b) of the 23 endocytic proteins. The proteins in
the same functional modules (c) have similar distributions. Proteins in the early model
form more irregular distributions, whereas proteins in other modules form either patches
(e.g., all coat proteins) or rings (e.g., proteins in the WASP/Myo module). Starting from the
beginning of coat maturation, the temporal order of proteins arriving at the sites coincide
with their size of distribution, except for the latest arriving Rvs167, which forms a smaller
distribution due to its localization at the neck of invagination. Scale bar: 100 nm. Adapted
from Mund et al., 2018 under the CC BY 4.0 license.
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the snapshots. However, in the reconstruction, the snapshots were registered by
manual alignment, which limited the registration precision and analysis throughput.
These limitations can be overcome by the approach presented in this work (see
Section 3.1).

individual Abp1-mMaple Las17-SNAPb

c

nucleation

actin

a

Focus

running average

<-7 s
inferred time

-7 s -5 s -3 s -1 s 1 s

Figure 1.11 | Reconstructed dynamics of endocytosis in budding yeast. In this experi-
ment, side-view super-resolution snapshots of endocytic sites were acquired by focusing
on the equator of yeast cells (a). In the cells, Abp1 and Las17 were labeled with different
fluorophores, which are members of the actin module and the WASP/Myo module, respec-
tively. Each individual structure (b) was aligned manually by rotating the site to be pointing
upward, followed by centering it at the bottom based on the Las17 distribution. The sites
were then sorted based on the measured distance between the centroids of Abp1 and Las17.
Finally, a running average was applied to obtain a smooth representation of the dynamics
(c). Here, the CLEM-based average outer boundaries of the actin network (dotted lines) and
plasma membrane profiles (solid line) reported by Kukulski et al., 2012 are shown to provide
the context. Scale bar: 100 nm. Adapted from Mund et al., 2018 under the CC BY 4.0 license.
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2 | Aims of the study

2.1 Development of a general model fitting framework for
SMLM

Despite the recent development of data analysis approaches for SMLM (Section
1.2), the most common task of SMLM data analysis is not supported by either of
the aforementioned approaches: extracting structural parameters using the most
likely geometric model, of the ones postulated, to describe the structure of interest.
Usually, such geometric models can be built based on visual data inspection or
prior knowledge. Explicitly speaking, this task can be split into two steps. First,
the geometry to best describe the structure has to be selected from the postulated
models. Second, the precise structural parameters of the geometry are then extracted.
This task is done at the scale of individual structures and therefore enables the
quantification of biological and functional heterogeneities.

The first goal of this work is to develop a software tool that supports this task. The
aims of this part are:

1. Development of a general framework.

2. Validation of the framework.

3. Exploring applications of the framework.

2.2 Dynamic reconstruction of the endocytic machinery

Nanoscale biological processes can be resolved by cryo-electron microscopy in situ
with high contrast and high resolution, although in fixed samples and without
molecular specificity. SMLM can complementarily provide molecular specificity but
the dynamics are usually not directly observable. The second goal of this work is to
exploit the combination of high quality SMLM and LocMoFit for reconstructing the
dynamics of a biological process from its super-resolved snapshots. We developed
an approach employing ‘reference structures’ simultaneously imaged with target
proteins to map the snapshots in space and time.
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To demonstrate this approach, we show how to reconstruct the dynamics of CME, a
fast (an event finishes in approximately 20 s) and small (200 to 300 nm) process, in
mammalian and yeast cells. The aims of this part are:

1. Development of an automated analysis to pre-process the high-throughput
SMLM data.

2. Applying LocMoFit to reconstruct dynamics of CME.

3. Validations of the application.
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3 | Results

To fill the gap of the missing approach that can extract complex parameters from
individual structures, I developed Localization Model Fit (LocMoFit, Figure 3.1),
a general framework for fitting an arbitrary geometric model directly to SMLM
coordinate data. LocMoFit provides a basis for selecting the most likely model from
alike that describes the structure of interest. Subsequently, given the best model,
LocMoFit precisely estimates the model parameters that best describe the structure.
If the underlying geometry can not be postulated, LocMoFit can perform model-free
particle averaging and yields an average representation of the particles, assuming
the variation among them is small. For efficient validation and quality control,
LocMoFit is equipped with visualization tools and a simulation engine. Besides
its stand-alone implementation, LocMoFit has been integrated as part of the open-
source analysis platform SMAP (Ries, 2020) to gain access to tools for downstream
analyses such as summary statistics of all analyzed particles and visualization of
associations between parameters. LocMoFit, a MATLAB-based software, provides
an API for code integration and incorporating user-defined models.

xk , σk

r
x0 y0

γ

θ

ϵ
a Input c Optimisationb Model PDF

Geometric
model f(p)Localizations lk Log-likelihood: [LL, p]=argmax Σlog M(x,σ│p)

p
^^ M(x,σ│p) p = {x0 , y0 , γ, ϵ, θ, r}

Figure 3.1 | LocMoFit. (a) Inputs of the LocMoFit framework. It requires 1) localization
data lk, containing spatial localization coordinates ~xk and their precision ~σk from a structure
and 2) a geometric model describing the structure. (b) The model is first converted to a
probability density function (PDF) M(x, σ | p), required by maximum likelihood estimation
(MLE). (c) The PDF is then fitted to the localization data by searching in the parameter
space to find estimates p̂ of the parameters p that maximize the log-likelihood function L̂L.
To illustrate, here I fit a 2D arc model (cyan) to the localization coordinate data (orange
dots). The model is parametrized by positions x0, y0, rotational angle γ, linkage error ε, arc
opening angle θ, and radius r. Adapted from Wu et al., 2021, on which I am the first author.
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3.1 LocMoFit

In this section, I will briefly discuss the mathematical theory behind LocMoFit. I
developed the theory with input from Jonas Ries.

3.1.1 LocMoFit and maximum likelihood estimation

The core of LocMoFit is estimating structural parameters by model fitting. With
LocMoFit, a geometric model f(p) can be fitted to K localizations lk = {~xk, ~σk} in
a region of interest (ROI; Figure 3.1). Each ROI usually contains a single structure,
so-called ‘particle’. Context-wise, I also refer to a particle as a ‘site’. As discussed in
Sections 1.1.4.1 and 1.1.4.3, the localizations lk are usually acquired by fitting a PSF
to single emitters recorded in camera frames. lk contains localization coordinates
~x = {x, y} and uncertainties ~σ = {σx, σy} for 2D data and ~x = {x, y, z} and ~σ =

{σx, σy, σz} for 3D data. Our approach finds the set of parameter estimates p̂ that
best describes the set of localizations lk using maximum likelihood estimation (MLE),
given the model f(p) (Figure 3.1c). To illustrate the workflow (Figure 3.1), I use
synthetic localizations, of an arc structure, generated by the simulation engine of
LocMoFit (Figure 3.2a; Section 6.2.2.2) as an example. Here, the geometric model
f(p) (an arc model in the example) parametrized by a set of parameters p is supplied.
f(p) is then converted to a probability density function (PDF) M(~x, ~σ | p), which
describes the probability of acquiring a localization l at the position x at random,
obeying the geometry f(p), given the uncertainty σ. Assuming all localizations
are independent, the joint likelihood to acquire the set of localizations lk can be
computed as the product of individual probabilities:

L(p) =
∏
k

M (~xk, ~σk | p) . (3.1)

Accordingly, the procedure of maximum likelihood estimation can be expressed as

[L̂, p̂] = argmax
p

L(p). (3.2)

Here, L̂ denotes the maximum likelihood yielded by MLE. LocMoFit carries out this
procedure using an optimization algorithm. In practice, the natural logarithm of the
likelihood is used instead of the likelihood itself to avoid a small joint probability
being rounded to zero. LocMoFit does not only output parameter estimates p̂, but
also optionally their 95 % confidence intervals.

The model f(p) can be supplied in one of the forms: continuous, discrete, or image
(Figure 3.2b). The continuous form describes the distribution of fluorophores in the
shape of 1D lines (e.g., filaments or rings) or 2D surfaces (spheres and patches). By
contrast, the discrete form directly describes the specific fluorophore positions.
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b Flexible model form c Composite model
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Figure 3.2 | Features of LocMoFit. (a) The simulation engine of LocMoFit simulates realistic
localization data (orange dots) by sampling from the PDF (cyan; an arc model). (b) LocMoFit
supports flexible model forms including the discrete, the continuous, and the image form.
(c) LocMoFit can build a composite model by a linear combination of component models.
For example, two identical rings fitted to one channel (magenta) and a cylinder fitted to
another channel (cyan) are combined to form the composite model. Different channels have
their own background models. This example also highlights that LocMoFit supports various
data types, i.e., from 2D as shown in a to 3D and single to multiple channels. (d) LocMoFit
supports successive optimization to avoid local optima. Different models, from smooth to
detailed (from a continuous ring to eight-fold rotationally symmetric points in the example),
can be fitted to the same site subsequently. The parameter estimates of smoother models
are defined as the initial parameters of the more detailed models. (e) LocMoFit supports
model selection by reporting the corrected version of the Akaike information criterion (AICC )
as the basis for selecting the most likely model. Here, compared to the bucket model mb,
the arc model ma has a smaller AICC , indicating ma is a better model, given the example
localizations. Adapted from Wu et al., 2021, on which I am the first author.

First, I discuss the construction of f(p) in the simplest case when f(~x, p) describes the
existence of a fluorophore at the position ~x. In reality, the localizations we obtained
from the experiments are not the exact fluorophore positions but with a random
displacement scaling with the respective localization precisions ~σ. To also consider
this factor, we can use the mean precision 〈~σ〉 of all localizations as the standard
deviations of a Gaussian function. We then convolve f(~x, p) with the Gaussian to
form a PDF (⊗ denotes the convolution)

M(~x, ~σ | p) =
[

f(~x, p)∫∫∫
f(~x, p) dx dy dz

]
⊗G(~x, 〈~σ〉). (3.3)

Next, we can move a step further to incorporate the lateral and axial localization
precisions separately for each individual localization. For that, we can define the
geometric model as ~vj = f(p), where f(p) outputs J fluorophore coordinates ~vj
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defined by the model. Then the likelihood to obtain a single localization at the
position ~x given the model f(p) with parameters p is

M(~x, ~σ | p) = 1

J

J∑
j=1

(2π)−
3
2 det(Σ)−

1
2 exp

(
−1

2
(~x− ~vj)T Σ−1 (~x− ~vj)

)
. (3.4)

Here Σ = diag
(
σ2
x, σ

2
y , σ

2
z

)
is the diagonal matrix of the localization precisions

squared in respective spatial dimensions and det(Σ) is the determinant of the matrix
Σ.

3.1.2 Model parameters

In LocMoFit, individual parameters fall into either of the two groups: intrinsic pa-
rameters pi or extrinsic pe. As indicated by their names, pi are model-dependent
and determine the shape of the model, whereas pe are model-independent and
determine the transformation of the model. Accordingly, the extrinsic parameters
pe =

{
~x0, ~α, ~S,wbg, ε

}
are pre-defined for all models. ~x0 defines the position of the

model, ~α the orientation (elements of ~α are angles of rotations about respective
coordinate axes), and ~S the scaling. The background weight wbg determines the
proportion of background localizations (e.g., unspecific labeling). The extra uncer-
tainty ε defines the uncertainties that cannot be represented by the localization
precision. These uncertainties could originate from linkage errors (spacing between
a fluorophore and its labeled molecule; described in Section 1.1.4.5), local structural
deformations that are not described by the model, and residual instabilities (e.g.,
vibrations and drift) of the microscope. The inclusion of the extra uncertainty ε and
the background weight wbg can improve the robustness of fitting. When extrinsic
parameters pe are applied, LocMoFit substitutes R~vj + ~x0 for the fluorophore po-

sitions ~vj ,
√
~σ2
k + ε2 for the uncertainty ~σ, and (1− wbg)M (~xk, ~σk | p) + wbgMbg for

the PDF M(~x, ~σ | p). Here R is a rotation matrix defined by the angles ~α.

3.1.3 The composite model

So far I only discussed the details of a one-component model. When necessary,
multiple component models can be merged to form a composite model PDF Mc

through linear summation (Figure 3.2c):

Mc(~x, ~σ | p) =
∑
m

wmMm (~x, ~σ | pm) + wbgMbg. (3.5)

Mm is the model of the mth component, with its parameters pm, of N component
models in total. Here, the set of parameters p = {pm,m = 1 . . . N}. The total weight∑

mwm + wbg = 1 is imposed to ensure that Mc is a proper PDF.
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For multi-channel data, the PDF can be further extended as

Mmc (~x
c
k, ~σ

c
k | pmc) =

∑
c

Mc (~x
c
k, ~σ

c
k | pc)

wc . (3.6)

In addition to its position and precision, a localization has one more property
channel c. When a localization is localized in the corresponding channel c, the single-
color PDF Mc (~x

c
k, ~σ

c
k | pc) outputs the computed value, otherwise a value of zero.

The weight Wc of the single-channel PDF Mc is set to 1 by default. When Kc, the
number of localizations in channel c, are very different across channels, the weight
can be set to the inverse of the fraction of localizations in the respective channel
Wc = K−1

c

∑
cKc. This assignment is to cancel the dependence of the likelihood

function on Kc, which scales with the number of multiplications contributed by
each channel in Equation 3.1, where K =

∑
cKc. Equation 3.6 represents the general

form of the model PDF and covers various scenarios when fitting different biological
structures.

3.1.4 Other key features

Successive optimization When the model is detailed, the landscape of the nega-
tive likelihood function is usually not smooth but with multiple valleys, called local
optima. The optimization is oftentimes trapped in these valleys, especially in the
initial phase, and fails to reach the global optimum. To prevent this, LocMoFit allows
the stepwise optimization to transition from smoother models to the most detailed
by transferring parameters subsequently across chained fitting steps (Figure 3.2d).

Model selection To serve as a basis for model selection, LocMoFit additionally
computes the corrected version of the Akaike information criterion (AICC ; Ca-
vanaugh, 1997). Although the likelihood function itself is a measure of the goodness
of fit, it potentially favors a higher number of free parameters, which can cause
overfitting. By contrast, AICC , a likelihood derivative that penalizes the number of
free parameters and rewards a larger sample size, discourages overfitting. When
multiple candidate models are supplied, LocMoFit selects the best according to their
AICC acquired by fitting the same data (Figure 3.2e).

3.1.5 Related metrics

LocMoFit performs MLE, therefore the metric has the nature of probabilistic likeli-
hood L(p). Its form is closely related to that of the cross-correlation used in other
studies for determining the similarity between single particles (Schnitzbauer et al.,
2018; Huijben et al., 2021). By replacing the multiplication of L(p) with a summation,
we get

Lcc(p) =
∑
k

M (~xk, ~σk | p) , (3.7)
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which is a special form of the general cross-correlation cost function (Schnitzbauer et
al., 2018; Huijben et al., 2021) when assuming a constant localization uncertainty for
the template. Another metric, the Bhattacharya cost function, which is also similar to
the cross-correlation cost function, has been used to perform template-free particle
fusion in SMLM recently (Heydarian et al., 2018; Heydarian et al., 2021).

3.1.6 Implementation

LocMoFit is implemented as a MATLAB-based toolkit that comprises of three major
MATLAB classes LocMoFit, SMLMModel, and geometricModel, a library of models,
and a couple of helper functions. The class LocMoFit corresponds to Mc(x, σ | p)
and Mmc (x

c
k, σ

c
k | pmc) for single-channel and multi-channel fits, respectively, and

is the main class for controlling and performing fitting, and to summarize and
visualize the result. To perform the fitting, the class LocMoFit has to be linked to
at least one object of the class SMLMModel or its subclasses, which corresponds
to a one-component PDF M(x, σ | p). The class SMLMModel computes the PDF
by converting from an object of a geometricModel subclass. The geometric model is
coded in such a subclass, whose object corresponds to the geometric model f(p).
The default values of intrinsic parameter arguments for fitting are also defined in
such a subclass.

3.2 Validation of LocMoFit

First, I wanted to validate LocMoFit and test its robustness for estimating parame-
ters. For that, I produced synthetic localization data based on a specific geometric
model with ground truth parameters using the simulation engine (Figure 3.2a). In
the simulations, SMLM properties (see Section 6.2.2.2) were introduced by a realistic
description of fluorophore blinking. Here, I evaluate the robustness based on estima-
tion errors, i.e., the difference between parameter estimates output by LocMoFit and
their ground truths. We suggest to always perform such an evaluation for a newly
established pipeline before its application to experimental data.

Here, to systematically evaluate the robustness of LocMoFit, I simulated NPC parti-
cles based on an model derived from prior knowledge (Figure 3.3) and varied four
factors contributing to the image quality: localization precision, labeling efficiency,
background localizations (e.g., from unspecific labeling), and re-blinks (see Figure
3.4 for example particles).

This source model of the synthetic NPCs is a point model (Figure 3.3a) built ac-
cording to the mapping of the nucleoporin Nup96 to the EM density of the NPC
(Figure 3.3b). The model is composed of 32 coordinates, each corresponding to a
copy of Nup96 per Y-complex subunit, as discussed in Section 1.3.2. Two copies
of Nup96 form a symmetric unit that is repeated eight times rotationally on each
of the nucleoplasmic and cytoplasmic rings, representing the eight-fold rotational
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Figure 3.3 | The NPC model used for simulations and fitting. The NPC point model (a) is
built based on the the positions of Nup96 mapped to the EM density (b; PDB ID: 5A9Q; von
Appen et al., 2015). In the model, two copies of Nup96 form a corner (unit) that presents
itself eight times rotationally with an equal spacing to form a ring. Two copies of the ring,
sharing the same radius r and having separation s in between, form the model. The twist
angle θ determines the rotational displacement between the rings. To ensure the flexibility
and generality, in each unit, the two Nup96 copies share the same distance to the central axis
although a distance offset is known (von Appen et al., 2015). Adapted from Wu et al., 2021, on
which I am the first author.
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Figure 3.4 | Simulations of NPC particles across various conditions. Example particles of
the simulations based on the model for different median localization precisions (a), labeling
efficiencies (b), background localizations (c), and fluorophore re-blinks (d). ‘xy’ denotes the
top view and ‘xz’ the side view. Scale bars: 100 nm. Adapted from Wu et al., 2021, on which I
am the first author.
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symmetry. The shared radius r of the rings as well as the twist angle θ and separation
s between the two rings are the intrinsic parameters of the model.

I fitted the model to the localization data of the synthetic NPC particles and quanti-
fied their structural parameters. As shown in Figure 3.5, overall the mean estimation
errors are close to zero, indicating a bias-free parameter estimation. The only excep-
tion is the ring separation s, which has an increasing negative bias toward lower
labeling efficiency. I visually inspected the simulated particles and found much
more particles having their ring separations smaller than 30 nm when the labeling
efficiency is low. These small ring separations are caused by the dual-ring approxi-
mation of one-ring NPCs arising from having one ring entirely unlabeled by chance.
This is clearly shown when comparing 70 % labeling efficiency to 30 %, which has a
long tail on the side of smaller ring separations (Figure 3.6). This issue might not be
identified without a simulation, highlighting its importance for validating a pipeline.
As expected, the spreads (uncertainties) of the errors positively correlate with worse
data quality (increasing localization precision and background as well as decreasing
labeling efficiency and re-blinks) in general, although LocMoFit is insensitive to
re-blinks. In fact, the quality range that can be achieved in an imaging routine (e.g.,
localization precision 5 nm, labeling efficiency 65 %, background localizations 5 %,
2.5 re-blinks) yields unbiased errors with small uncertainty, presenting LocMoFit as
a reliable quantitative tool.

3.3 Quantifying structural parameters

LocMoFit measures the interpretable parameters at the single-particle level requir-
ing no averaging so that information on heterogeneity is retained after analysis.
Potentially, this allows us to study the biological heterogeneity among individual
particles. To demonstrate these merits, I applied LocMoFit to quantify the structural
parameters of the NPC and microtubules, two ‘standard’ macromolecular complexes
extensively used in SMLM as test structures.

3.3.1 Quantifying the NPC

Ulf Matti imaged endogenously SNAP-tagged Nup96 in a genome-edited U2OS
cell line (Thevathasan et al., 2019; Diekmann et al., 2020). This cell line allowed us
to obtain hundreds of NPC particles per field of view, as a large part of the cell’s
nuclear envelope lies parallel in close proximity to the coverslip (Figure 3.7a). I
fitted the single NPCs (Figure 3.7b) with a model of two continuous rings to roughly
estimate the position and orientation of each particle as initial parameters for a
subsequent fitting step. In the later step, I fitted the NPCs with the NPC model
mentioned above (Figure 3.3a) to extract the three intrinsic parameters. I quantified
the radius r = 53.4± 2.3 nm (median values ± standard, unless specified otherwise)
and the twist angle θ = 8.8± 9.0° (Figure 3.7c), which agree well with previously
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Figure 3.5 | Estimation errors in dependence on factors contributing to data quality in
simulated NPC datasets. Based on the model shown in Figure 3.3, across different me-
dian localization precisions (a), labeling efficiencies (b), background localizations (c), and
fluorophore re-blinks (d). Solid lines and dots indicate means, and dashed lines standard
deviations. Example particles are shown in Figure 3.3. Sample size: 1,000 sites for each dot.
Adapted from Wu et al., 2021, on which I am the first author.
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Figure 3.6 | Distributions of the measured ring separation of simulated NPCs with 30 %
and 70 % labeling efficiency. Red crosses indicates the measured ring separations of three
example NPCs shown in their side views. These three pores are all from the dataset with
30 % labeling efficiency. The data shown here have also been used in Figure 3.5. Sample size:
1,000 sites for each condition. Scale bar: 100 nm. Adapted from Wu et al., 2021, on which I am
the first author.

reported values (Thevathasan et al., 2019). Because the unmatched refractive index
causes a depth-dependent distortion along the z axis (Li et al., 2019), the measured
ring separation s of the NPC has an unwanted depth-dependent scaling (Figure
3.8). I corrected this experimental scaling factor (see Section 6.2.5.4) to obtain a
mean value of 1, corresponding to the previously reported ring separation 49.3 nm
(Thevathasan et al., 2019). To investigate the source of variation, I compared the
experimentally quantified parameters to the measurements of particles simulated
using the experimental median parameters as the ground truths. The comparison
shows even narrower distributions (Figure 3.7c, gray curves) for the simulations
(see Figure 3.9), which represent technical variations, implying the presence of other
sources of variation that were not considered in the model, potentially including
biological heterogeneity.
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Figure 3.7 | Measuring structural parameters of single NPCs. (a) A top-view represen-
tative image of the Nup96-labeled nuclear pore complexes (NPCs, Nup96-SNAP-AF647)
in the cell. (b) Example NPCs (localizations in orange) as numbered in a and their fit-
ted model (cyan; see also Figure 3.3). (c) Distributions of three fitted parameters: radius
r = 53.4± 2.3 nm, separation s = 50.2± 5.6 nm, and twist θ = 8.8± 9.0°. ‘Sim’ stands for
‘simulation’ (gray; see also Figure 3.9). Sample size: 3,517 sites, 5 cells. Scale bars: 1 µm (a),
100 nm (b). Ulf Matti acquired all the localization data. Adapted from Wu et al., 2021, on which
I am the first author.

-100 -50 0 50 100 150
z position (nm)

0

20

40

60

80

R
aw

 ri
ng

 s
ep

ar
at

io
n 

(n
m

)

-100 -50 0 50 100 150
z position (nm)

0.5

1

1.5

2

C
or

re
ct

io
n 

fa
ct

or

Move median
Quadratic fit

-100 -50 0 50 100 150
z position (nm)

0

20

40

60

80

C
or

re
ct

ed
 ri

ng
 s

ep
ar

at
io

n 
(n

m
)

Included
Excluded

b ca

d e

Expected
ring separation

1 2 3 1 2 3

1 2
3 1 2 3

uncorrected calibration corrected 
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3.3.2 Quantifying microtubules

Previously, the diameter of microtubules was usually measured by performing a
curve fit on a cross-sectional profile. Such an analysis is limited to short segments,
usually less than 500 nm long, assuming approximately a linear geometry, which
is required for a precise measurement in the the cross-section. The low sampling
rate and residual curvature pose a risk of introducing a bias. In comparison, Loc-
MoFit does not require short segments because it is independent of the linear, or in
principle, any geometry. Here we approximated microtubules by the model of a 3D
cubic-spline tube (Figure 3.10c), which can trace the curvature along the microtubule
axes. By fitting micrometer-long immunolabeled microtubules with the model, we
quantified the apparent tubular radius r as 24.1± 3.4 nm (Figure 3.10d). This value
is 11.6 nm larger than the reported outer radius (12.5 nm) of microtubules alone,
in line with the reported mean radius of indirectly immunolabeled microtubules
(Früh et al., 2021). This is a good reminder that in fluorescence microscopy images,
fluorescent labels are visualized instead of the tagged targets themselves. With the
resolution provided by SMLM, the effect of the linkage error has to be considered
(see Section 4.4).
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Figure 3.10 | Measuring structural parameters of microtubules. (a) A top-view representa-
tive image of immunolabeled microtubules in the cell. (b) An micrometer-long microtubule
segment as boxed in a, along with the microtubule model in c with fitted parameters. (c) The
microtubule model has a backbone described by a c-spline with fit parameters listed (blue).
xy: top view; xz: side view. (d) The distribution of the tubular radius of the microtubule
segments. Sample size: 161 segments. Scale bars: 1 µm (a), 100 nm (b). The localization data
was published in Speiser et al., 2021. Adapted from Wu et al., 2021, on which I am the first author.
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3.4 Model selection

The key to measuring meaningful parameters by LocMoFit is to incorporate a model
that well describes the structure of interest. To enable the selection of such a model,
LocMoFit reports AICC after fitting. AICC is a score that indicates the most likely
model out of the models that are fitted. AICC is a log-likelihood (LL) derivative that
further considers the number of free parameters P and the sample size K:

AICC = AIC +
(
2P 2 + 2P

)
/(K − P − 1). (3.8)

Here AIC = 2P − 2 ln L̂, where L̂ is the maximum likelihood value reported by
equation 3.2 after fitting. In LocMoFit,K is the number of localizations. By definition,
AICC discourages highP and encourages largerK to prevent overfitting. The lowest
AICC corresponds to the best model and should be the model of choice. This choice
reflects our preference of a model that yields higher maximum likelihood with fewer
free parameters. To validate this idea, I tested whether LocMoFit is able to reveal
the known rotational symmetry of the NPC. I fitted each NPC in the Nup96 data
set (Figure 3.7a,b) with models of different rotational symmetries ranging from 6
to 10-fold (see insets in Figure 3.11a). The cumulative distributions of AICC clearly
show that the 8-fold symmetric model has the highest AICC overall (Figure 3.11a)
and is therefore the best model, recapitulating the known symmetry of the NPC. We
also simulated NPCs with different rotational symmetries and fitted the pores with
these models. In the result (Figure 3.12), the overall AICC is the highest when the
symmetries of the particles and that of the fitted model match, again validating the
model selection.
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Figure 3.11 | Model selection by LocMoFit. (a) Cumulative distributions of the normalized
AICC obtained by fitting the same experimental nuclear pore complexes (NPCs) with
models having different rotational symmetries. (b) The normalized AICC obtained by
fitting each NPC (dots) with the model having the 6-fold rotational symmetry against that
of the 8-fold symmetry. The SMLM data is the same as in figure 3.7. Sample size: 3,517 sites,
5 cells. Ulf Matti acquired all localization data. Adapted from Wu et al., 2021, on which I am the
first author.

Interestingly, when I further investigated the scatter plot showing the pairwise com-
parison (Figure 3.11b) of fitted experimental AICC between 6 and 8-fold symmetric
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Figure 3.12 | The model selection applied to simulated NPCs. These cumulative proba-
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nuclear pore complexes (NPCs) with models of different symmertries. The NPCs were
simulated based on models having different rotational symmetries (shown by insets with
symmetries displayed). Fitted models are indicated by different colors. Sample size: 3,000
sites for each panel. Adapted from Wu et al., 2021, on which I am the first author.

models, I found that some particles have higher AICC for the 6-fold symmetry.
However, the symmetry is not evident when visually inspecting single particles. To
know whether the model selection is effective at the single-particle level, I revisited
the simulated data and found a wrong model can still yield higher AICC than the
correct one by chance, as shown in Figure 3.13a,b. This trend is more clear when
the extra uncertainty is higher (i.e., ε = 6.3 nm, corresponding to the experimental ε,
compared to ε = 3nm, representing a technical uncertainty in an ideal case). With
ε = 6.3 nm, a small yet noticeable fraction (4 %) of 8-fold symmetric particles have a
lower AICC when fitted with a 6-fold symmetric model (Figure 3.13c,d). Therefore,
I do not recommend the interpretation of the model selection at the level of single
particles.
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Figure 3.13 | Single-site AICC of simulated NPCs. (a-b) The normalized AICC reported
by fitting each simulated nuclear pore complex (NPC; dots) with the model having the
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alone (a) or together with the 6-fold (b) are shown. The SMLM data used here are the same
as in Figure 3.12, with extra uncertainty added ε = 3nm. (c-d) The same plots as in a and
b but the NPCs simulated with higher extra uncertainty (ε = 6.3 nm) are shown instead.
Sample size: 3,000 sites for each rotational symmetry of the data. Data shown in a,c are also
used in b,d. Adapted from Wu et al., 2021, on which I am the first author.



3.5 Multi-color static protein distribution maps 51

3.5 Multi-color static protein distribution maps

In this section, I will discuss the application of LocMoFit to multi-color SMLM data.
Multi-color microscopy can inform on spatial relations between different labeled
targets, for example, how components of the same protein complex are distributed
with respect to each other. However, labeling of multiple biological targets in parallel
is limited by the maximum number of simultaneous labels that can be applied in the
same sample. This is especially true in SMLM because the possible combinations
are constrained by e.g., fluorophores’ spectra and imaging conditions, practically
limiting the number of colors in routine multi-color SMLM to three.

In LocMoFit, I applied the concept of a reference structure to generate protein
distribution maps of target proteins that have unknown distributions. To perform
the analysis, a target protein has to be co-labled with the reference structure, which
can be described by a template (a rigid geometric model). Individual particles can
then be registered by fitting solely the reference structure. Fusing the registered
particles then yields an average distribution map of both the reference and the target.
The same procedure can be applied to multiple pairs of different target proteins
co-labled with the same reference structure. Since this target proteins share the same
reference, they can be mapped to the same coordinate system to form a multi-color
static protein distribution map.

To illustrate this concept, I used Nup96, which acts as a reference structure, to
reconstruct the underlying distributions of other NPC components. In the Nup96-
labeled cells, Ulf Matti co-labeled one of the target proteins Elys, Nup133, Nup62,
or Nup153 using immunostaining or the inner channel of the NPC using wheat
germ agglutinin (WGA) staining, respectively. By this, I obtained multiple dual-color
datasets, where single NPCs were then fitted with a template in the Nup96 channel.
The template was the point model (Figure 3.3a) with intrinsic parameters fixed to the
previously quantified median values (Figure 3.7c). Importantly, the targets covered
various labeling efficiencies: e.g., high for Elys (Figure 3.14a) and low for Nup133
(Figure 3.14b).

In the resulting averages (Figure 3.14c), the underlying distributions of the targets
formed with improved contrast and labeling efficiency, regardless of the original
labeling efficiency. Based on the shared reference, combining the individual dual-
color averages to a multi-color protein density map was simply a superposition of
all averages (Figure 3.14d).

For such an analysis, I would suggest not to overinterpret the average of the reference
structure (e.g., Nup96 in the section above) because of the potential template bias.
This term describes the patterns not in the original data but arising artificially from
the fitting template during averaging (also discussed in Paragraph Template bias
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in Section 4.2.1). The target proteins are intrinsically free from the template bias
because their information was not used in the registration.
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Figure 3.14 | Reconstructed protein distribution maps of the nuclear pore complex. Indi-
vidual exemplary particles of Nup96-SNAP-AF647 with immunolabeled Elys-CF680 (a) or
Nup133-CF680 (b). (c) The averages, hence the reconstructed protein distribution maps, of
NPC particles of Nup96-SNAP-AF647 (magenta) with different targets (cyan) co-labeled. By
mapping single particles to the common coordinate system based on the template fitting
of Nup96, the individual averages (c) and the multi-color average were formed (d). NR
denotes nucleoplasmic ring and CR cytoplasmic ring. Note that the immunolabeled struc-
tures may not entirely represent the true structures in the cell because of high linkage error
and potentially biased labeling. Sample sizes: Elys: 1,875 sites; Nup133: 1,739 sites; Nup62:
2,263 sites; Nup153: 2,159 sites; WGA: 1,778 sites. 3 cells for all. Scale bars: 100 nm. Ulf Matti
acquired all the localization data. Adapted from Wu et al., 2021, on which I am the first author.

3.6 Model-free particle fusion

In the case when an appropriate reference structure is absent, LocMoFit can still
reveal the underlying structure of a protein distribution through a model-free av-
eraging independent of other proteins. As discussed in Section 1.2.3.3, the basic
concept of a model-free averaging is to register sites to each other based on simi-
larity, determined by e.g., cross-correlation (see also Section 3.1.5). The premise is
that the component particles of the average share the same underlying structure.
A recent successful model-free averaging for SMLM was implemented based on
a redundant pairwise particle-to-particle registration of all particles (Heydarian
et al., 2018; Heydarian et al., 2021). In LocMoFit, I implemented the model-free av-
eraging differently in two aspects. First, LocMoFit uses the LL, or log-likelihood,
as the similarity measure. Second, the pairwise registrations are applied to only a
subset of particles, reducing the computational cost. The workflow of the model-free
averaging in LocMoFit consists of five steps:
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1. Calculating the sum of LL of each particle in a small subset based on the
pairwise similarity (Figure 3.15a and b).

2. Building the initial data-driven template in the descending order of the sum
of LL (Figure 3.15c).

3. Registering and fusing all particles to the template to form an average (Figure
3.15d).

4. Defining the resulting average as the new template (Figure 3.15d).

5. Repeating steps 3 and 4, usually less than 15 rounds, until the averages con-
verge (Figure 3.15e).

The average with the highest sum of LL in step 5 is then defined as the final average.

Here, I would like to explain the first two steps in more detail. First, the sum of
LL indicates how well a particle can describe other particles. This value for each
particle is obtained by a pairwise registration of a small subset of particles. Next, the
initial template is created by cumulative registration and fusion of particles in the
descending order of the sum of LL.

I applied this approach to NPCs in one of the analyzed cells contributing to Figure
3.7c. I randomly selected a subset of 50 particles from the total 1,312 NPCs in the cell
(see example particles in Figure 3.7a). The output final average (Figure 3.16a) recapit-
ulates the mapping of Nup96 to the EM density (Figure 3.16b) without any structural
assumption. The top view of the average clearly shows an 8-fold rotational symme-
try and the side view shows two separate rings (Figure 3.16c). Strikingly, when I
display the two rings separately (Figure 3.16c), each corner appears elongated and
has an outward tilt. The tilt (Figure 3.16b) corresponds to slightly different distances
of the two copies per corner to the central axis. In a previous work (Heydarian
et al., 2021), this characteristic tilt could not be resolved in template-free averages of
another nucleoporin (Nup107) which is part of the same subcomplex as Nup96.
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Figure 3.15 | The workflow of the model-free particle averaging. Example sites (a) from
the initial subset of particles (50 particles in the example) randomly selected in the cell used
for the all vs all comparison (b). This pair-wise comparison is to measure and to rank the the
sum of log-likelihood (LL) of the particles. (c) To build the initial template, the particle on
rank 1 is then used to register and fuse other pores in the subset cumulatively, in the order
of the rank. To form the first average, the rest of particles in the same cell are then fused to
the initial template after registration. (d) The new average is used as an updated template to
register all the sites and create a new average. This registration is iterated until the average
converges, yielding the final average (e). Sample size: 1,312 sites, 1 cell. Scale bars: 50 nm.
Ulf Matti acquired all the localization data. Adapted from Wu et al., 2021, on which I am the
first author.



3.6 Model-free particle fusion 55

xy

xz

a b

c

NR CR

Figure 3.16 | The model-free average of the NPC. (a) The final average of the nuclear pore
complexes (NPC) in the tilt view recapitulate the mapping of Nup96 C-termini to the EM
density (PDB ID: 5A9Q; von Appen et al., 2015) of the NPC (b). The average clearly shows
two separate rings and the 8-fold symmetry, two features that were not included as known
parameters in the analysis. (c) The top and side views of the average with both rings, only
the nucleoplasmic ring (NR), and the cytoplasmic ring (CR) displayed. Sample size: 1,312
sites, 1 cell. Scale bars: 50 nm. Ulf Matti acquired all the localization data. Adapted from Wu
et al., 2021, on which I am the first author.
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3.7 Dynamic protein density maps

Live-cell incompatibility of most techniques for in situ structural biology hindered
their application to directly measure dynamic structural changes on the nanoscale.
This issue also applies to SMLM so that its resulting data are usually snapshots of a
dynamic biological process taken in fixed cells. However, LocMoFit overcomes the
limit by extracting temporal information from the snapshots based on a quantifed
structural parameter that changes overtime. More specifically, such a parameter is
used as the basis for sorting the snapshots along the progression of the process. In
this section, I will demonstrate this concept using clathrin-mediated endocytosis in
both mammalian cells and budding yeast as examples.

3.7.1 Dynamic reconstruction of clathrin coat remodeling in mammalian
cells

Here, I highlight the capability of LocMoFit to extract dynamic information based
on the example of mammalian clathrin mediated endocytosis. For showcasing this
particular example, I teamed up with Makus Mund and Aline Tschanz. Together
with Johanna L. Mehl, they imaged immunolabeled clathrin at endocytic sites in
fixed SK-MEL2 cells in 3D (Fig. 3.17a). This resulted in snapshots of super-resolved
clathrin coats fixed at random time points during the endocytic process (Figure
3.17b). By visually inspecting single sites, we found that the top-view projections of
most clathrin coats are round structures with different sizes. By further exploring
the data in 3D, we found different shapes that have been reported previously
(Bucher et al., 2018), including flat, curved, dome-like, and spherical structures.
To quantitatively describe these structures, I built a model of a spherical cap that
can approximate all these shapes (Figure 3.17c). This model is parametrized by a
radius R and a closing angle θ, where θ = 0° defines a flat structure and θ = 180° a
complete vesicle. Because endocytosis generates a closed vesicle from the plasma
membrane, the closing angle θ increases monotonically over time and therefore
encodes information about the endocytic progression.

Although the above-mentioned parameterization is straightforward, it is not efficient.
In the data, endocytic sites have a defined range of surface area determined by the
number and density of clustered clathrin. However, fitting R without considering
the surface area can lead to unnecessary large model coats for structures that are flat
and makes the evaluation of the optimization computationally costly. Furthermore,
the unconstrained surface area causes an exploration in the unreasonable range
of the parameter space, often leading to failed optimization. I solved this issue
by replacing r and θ with the surface area A = 2πR2(1 − cosθ) and θ as fitting
parameters, allowing a constraint of the surface area and significantly improving
the efficiency and robustness of fitting. With this parameterization, the radius R and
thus the curvature H = 1/R can still be obtained through simple calculation.
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Figure 3.17 | Quantification of mammalian clathrin coats. (a) An example top-view image
of sub-region of a clathrin-immunolabeled SK-MEL-2 cell. (b) Zoom in of the example
clathrin coats indicated by numbered boxes in a. (c) The geometric model of a spherical
cap we built for describing the coats. Fitted parameters are listed in blue. (d) Scatter plots
showing the curvature H = R−1 (middle panel) and the surface area A (lower panel) against
the closing angle θ. The top panel shows the distribution of θ. Sample size: 1,798 sites, 13
cells. Scale bars: 1 µm (a), 100 nm (b,e). Markus Mund, Aline Tschanz, and Johanna L. Mehl
acquired the data. Aline Tschanz and I performed the analyses jointly. Created based on data
published in Mund et al., 2022, on which I am a co-author.
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To extract the structural parameters with LocMoFit, we fitted the model to all the
1,798 sites we acquired. In the extracted parameters, we found a clear trajectory of
curvature H increament over θ, which is ranging from 0° to almost 180° (Figure
3.17d, middle panel). The increment slows down toward larger θ. Interestingly,
barely any site is an entirely closed vesicle, which corresponds to θ = 180°, and
only a small portion of the sites is flat. The distribution of the closing angle has two
peaks, one at around 70° and one at 130° (Figure 3.17d, top panel). Each of the peaks
reflects an enriched structural intermediate in the investigated cells. The curvature
H ranges from 0 nm−1 to 0.022 nm−1 with a median of 0.011 nm−1, corresponding to
a median radius of 87 nm. The surface area A ranges from 9,000 nm2 to 140,000 nm2,
with a median of 54,000 nm2 (Figure 3.17d, bottom panel).

The highly quantitative measurements opened the gate to develop a data-driven
model that describes the relation between the structural parameters. For the de-
velopment of such a model, we teamed up with Felix Frey and Ulrich S. Schwarz,
who developed the cooperative curvature model. This model is based on two main
assumptions that 1) the growth of the coat is determined by the addition of triskelia
to the rim with a constant rate (Figure 3.18a) and 2) the coat curvature increase
toward a preferred value H0 determined by individual triskelia and their overall
interactions. In this model, the preferred curvature and the cooperative effects of
individual triskelia in the coat combinatorially determine the rate of curvature gen-
eration. We can solve this model to obtain curvature H as a function of the closing
angle θ (see Mund et al., 2022 for the full description of the model and its detailed
derivation):

H(θ) = H0 tanh

(
γθ

H0

)
. (3.9)

Here γ denotes the initial rate of curvature increase.

Based on Equation 3.9, we also can describe the surface area A(θ) as a function
of θ, given that A(θ) = 2πr2(1 − cosθ). We fitted this new model and the current
models to H over θ and then converted the fitted models to A as a functions of
θ (Figure 3.18b,c). The fit and derivatives show a monotonical increase of H and
A over θ. These trends agree well with the data, as shown by the overlap of the
running median of the two parameters, showing that our cooperative curvature
model describes the experimental data the best. The fit also provides some key
information: the invagination does not occur until around half of the final coat
size has grown [A(θ = 0.01)/A(θ = π) = 51%], the coat curvature grows with
the initial rate γ = 0.009 nm−1, and the preferred curvature of a clathrin coat is
H0 = 0.014 nm−1, corresponding to a radius of r0 = 72nm.

The sites were fixed at random time points as snapshots of the endocytic process
and thus can be seen as the outcome of random temporal sampling. Thanks to the
data curation by Aline Tschanz after a systematical site segmentation, we have a
high-quality dataset of homogenously sampled snapshots over the progression.
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Figure 3.18 | The relations between different parameters and the closing angle θ fitted
by various models. (a) A schematic shows the cooperative curvature model we proposed.
This model assumes the coat is remodeled to approach a preferred curvature over time and
the addition of clathrin triskelia happens at the edge of the coat with a constant rate. The
three models, shown as curves, were fitted to curvature H (b) mapped to surface area A
(c). The sites with curvature higher than 0.015 nm−1 (see Figure 3.17d) were considered as
structures not originated from the plasma membrane and thus excluded from the analysis.
Sample size: ns = 1,645, nc = 13. Markus Mund, Aline Tschanz, and Johanna L. Mehl
acquired the data. Felix Frey, Aline Tschanz and I performed the analyses. Aline Tschanz
and I created the figure jointly. Adapted from Mund et al., 2022, on which I am a co-author.

Although we are not able to “record” the biological process over time directly, we
can still extract temporal information from the snapshots based on a parameter that
changes monotonically over time. As all current models suggest an increasing θ
throughout CME, θ fulfills the requirement for such a parameter and thus is used
in this work. In our case, the distribution of the quantified θ represents the rate
of transition between states (Figure 3.19a). The large sample size (1,645 individual
structures) ensured high coverage of time points. Specifically, the overrepresented
ranges of θ correspond to a slow transition, while underrepresented ranges are
indicative of endocytic stage that proceeds faster. As a result, the rank of θ informs
the relative time, ranging from 0 to 1 (pseudo-time; Figure 3.19b).

Accordingly, we reconstructed the endocytic dynamics by sorting all sites based on
θ. This reconstruction reveals a strong correlation between H and θ and indicates
clathrin coats gain curvature continuously over time (Figure 3.18c). The surface area
also increased (Figure 3.18d), from 32,000 nm2 (median of sites within top 5 % of θ)
to 50,000 nm2 (median of sites within bottom 5 % of θ), corresponding to decreased
projected area from 31.000 nm2 to 13,000 nm2, similar to previous EM measurements
(Bucher et al., 2018). The median surface area of the sites within bottom 5 % of θ
recapitulates a previous EM-based work (Avinoam et al., 2015), where the vesicular
coats were quantified to have a median surface of 54,500 nm2.

These results show that both the curvature and the surface area are not constant
during endocytosis, disagreeing with the current models, which assume either the
curvature or surface area is constant throughout most of the process (see also Figure
1.8 and Section 1.4.1.2).
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figure jointly. Adapted from Mund et al., 2022, on which I am a co-author.
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We also derived θ as a function of time according to the assumption that the addition
of triskelia to the rim determines the growth of the coat with a constant rate (see
Mund et al., 2022 for details). The derivation predicts θ has a square root dependence
of time θ(t) ∼

√
t, implying that the curvature generation is expected to slow down

throughout the process.

The curve fit in Figure 3.19b shows that the square root dependence describes the
data quite well, matching the characteristic of the cooperative curvature model.
However, small deviations of the fitted model from the pseudotime-resolved data in
the intermediate phase and when the pseudotime is approaching 1 (Figure 3.19b),
suggesting that there are contributing factors that are not considered in the model.
We also derived the curvature H(t) as a function of time based on the cooperative
curvature model and the square root dependence. The fitted function H(t) and
its mapping to the surface area both describe the pseudotime-resolved data well
(Figure 3.19c,d), again validating the cooperative curvature model.

3.7.2 Dynamic reconstruction of the endocytic machinery in Saccha-
romyces cerevisiae

The previous section shows a promising result of CME dynamic reconstruction
in mammalian cells. Our final goal is to extend the reconstruction to most of the
endocytic proteins. Although we are progressing, this goal remains challenging in
mammalian cells because of limited labeling strategies. First of all, primary antibod-
ies, even the commercially available ones, require extensive validation and protocol
optimization for SMLM. Second, genetic engineering for endogenous tagging is still
challenging compared to that of, e.g., budding yeast Saccharomyces cerevisiae. On
the other hand, yeast and mammalian cells have many functional homologues of
endocytic proteins. These factors render budding yeast an ideal and widely used
model for studying endocytosis. Therefore, we also extended the dynamic recon-
structions to budding yeast. To that end, I teamed up with Philipp Hoess and Markus
Mund. Philipp Hoess contributed to experiment design, strain generation, protocol
optimization, and data acquisition. Markus Mund initiated SMLM of endocytic
proteins in budding yeast (Mund et al., 2018) and shared knowledge and materials. I
contributed mainly to data analysis but also experiment design, strain generation,
and data acquisition.

According to pioneer attempts (Mund, 2016), 3D SMLM compromised the xy resolu-
tion and the z-resolution is too low to reveal meaningful details of yeast endocytic
sites in the z-direction, thus we only performed 2D imaging. Considering that yeast
cells are shaped ovally and endocytic sites invaginate perpendicular to the plasma
membrane (Picco et al., 2015), focusing on distinct parts of the cells yields views
of endocytic sites from different orientations. In a previous study, the nanoscale
radial distribution of proteins at endocytic sites was determined by focusing on
the bottom part (close to the coverslip) of the yeast cells (Mund et al., 2018). In this
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study, to capture time-associated structural changes along the axis of invagination,
we acquired side view images of endocytic sites by focusing on the equator of the
yeast cells (Figure 1.11a).

3.7.2.1 A proof-of-principle example

In the previous work (Mund et al., 2018), our group already demonstrated a dynamic
reconstruction of endocytosis in budding yeast, where Abp1 (an actin binding
protein localized at endocytic sites) and Las17 (an actin nucleation promoting factor)
were labeled (Mund et al., 2018). However, the reconstruction involved manual
alignment, which limited the throughput of the analysis. To first demonstrate that
LocMoFit can perform the same task, I analyzed a similar dataset having the same
labeled proteins, acquired by Philipp Hoess (Figure 3.20a,b). Here, a model that
includes a time-associated parameter is required to describe the distributions of
these two proteins and to inform temporal information. A live cell microscopy study
(Picco et al., 2015) provides a hint in defining such a parameter: the centroid of Abp1
moved inward away from the plasma membrane over the endocytic progression,
whereas that of Las17 stayed at the base of endocytic sites throughout. Along
with that, we inferred that Abp1 forms a dome-shaped distribution around the
endocytic membrane invagination. This inference is according to an EM study
(Kukulski et al., 2012), where a dome-shaped ribosome-free zone that is occupied
by the dense actin network around the invagination has been reported. Based on
these priors, we interpret the centroid movement as a result of increasing axial
length of the distribution during endocytosis. Accordingly, the axial length encodes
temporal information and is used as the time-associated parameter for the dynamic
reconstruction. Along with my visual inspection over more than a hundred of sites
in our dataset, I built a composite model having two components to describe the
two proteins (Figure 3.20c). Specifically, the two models are a semi-ellipsoid for
describing Abp1 and a thick ring for Las17, both as 2D projections (Figure 3.20d).
Figure 3.20b shows that example endocytic sites at different stages can be well
approximated by the model with fitted parameters, showing a faithful measurement
of the axial length. I then aligned the endocytic sites to the center position of Las17
and sorted them by the measured axial length (Figure 3.20e).

Finally, I applied a moving average to the sorted sites along the increasing axial
length, generating a dynamic reconstruction of endocytosis (Figure 3.20f). The result
reproduces the earlier results obtained by manual alignment, proving the concept of
using LocMoFit for a dynamic reconstruction of CME in yeast.

3.7.2.2 Reference structure

With the approach described above, in theory, we can dynamically reconstruct the
whole endocytic machinery by simply increasing the number of channels (labels)
and imaging many proteins simultaneously. However, this is technically challenging,
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as discussed above in Section 3.5. Especially in yeast, enzymatic digestion of the
~100 nm thick cell wall is required for post-fixation immunolabeling and can largely
disturb sample integrity. This requirement limits the use of a ratiometric approach,
which usually relies on labeling the targets with antibodies conjugated with organic
dyes and can potentially enable up to 4-color imaging (Li et al., 2021). Also, targeting
too many proteins involved in the same machinery endogenously can interfere
with their function/assembly and create an unwanted phenotype, impeding a
faithful interpretation of the experimental results. Therefore, we performed dual-
color localization microscopy in yeast with the experimental protocol optimized by
Philipp Hoess to achieve the optimal imaging quality (Höß, 2021). More specifically,
we used the combination of spectrally different fluorophores—mMaple/mMaple3
(McEvoy et al., 2012; Wang et al., 2014), which are photoconvertible fluorescent
proteins, and AF647 covalently linked to the SNAP-tag (Keppler et al., 2003)—to
label two distinct proteins.

Although we are limited to dual-color imaging, a suitable reference structure enables
us to realize a multi-color reconstruction, as demonstrated in Section 3.5. However,
for endocytosis in yeast, we did not find any single protein that can serve as a good
reference structure. A single protein alone can only provide either sufficient spatial
or temporal information in the best case. For example, Abp1 reflects the endocytic
progression but the spacing between Abp1 distribution and the plasma membrane
can vary, especially toward vesicle scission, rendering the spatial registration inac-
curate. On the other hand, distributions of proteins such as Las17 are not sensitive
to the progression of endocytosis because they stay near the plasma membrane
throughout endocytosis, but therefore serve as a good spatial reference.

Instead of one protein, we then decided to use a pair of proteins to retain the
advantages of both, thereby having a better reference. For the pair, we adopted
one protein from the WASP/Myo module plus another from the coat module (see
Figure 1.10b). This combination approximates both the tip and base positions of the
invagination so that the invagination depth can be estimated as a sensitive time-
associated readout. To use a protein pair as the reference and yet spare a channel
for a target protein, we labeled both proteins in the reference structure with the
same fluorophore and imaged them in the same channel. We then acquire data from
different yeast strains, where in each strain the reference structure is co-labeled with
a protein of interest (target protein) in the second channel. This will allow us to build
a multi-color protein distribution map, similar as described in Section 3.5.

3.7.2.3 High-throughput SMLM and automated analysis

Our strategy for reconstructing a multi-color protein distribution map requires one
strain for each target protein. Accordingly, imaging of tens of strains is expected as
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we are aiming to incorporate most, if not all, of the proteins in the dynamic recon-
struction. Strain generation, however, is not a limiting factor because endogenous
tagging can be easily achieved by homologous recombination in haploid yeast cells.

To achieve a reconstruction with high temporal and spatial resolution, hundreds
of snapshots for each targeted endocytic protein are required. On the imaging
end, the throughput is not a bottle neck thanks to the automated high-throughput
SMLM established in our lab by Joran Deschamps and Markus Mund (Deschamps,
2017; Mund et al., 2018; Deschamps and Ries, 2020). The automated SMLM allows
collecting more than 20 fields of view overnight, each containing ~30 cells (around 0
to 5 sites per cell) and therefore ensures high statistical power.

On the data analysis end, to deal with the potentially high amount of data, I devel-
oped an automated workflow for segmenting cells and endocytic sites (Figure 3.21).
Specifically, cells in an SMLM image were identified and segmented using intensity-
based masks. Within each mask, a spline is fitted to describe the cell boundary
(Figure 3.21a). By scanning through the intracellular proximity of the fitted bound-
ary, the density peaks in the polar coordinate system are then identified as endocytic
sites (Figure 3.21b). Each site is then rotated so that its tangent line on the fitted
boundary is horizontal and below the site after rotation (Figure 3.21c). The rotation
ensures the same upward orientation of sites. Afterward, quality controls are applied
at the levels of cells and sites. First, non-round and small cells are discarded. Next,
cells located at the edge of the field of view are usually with incomplete boundaries
and therefore removed. Endocytic sites located at cell contacts, where the fitted
boundaries may be imprecise, are also discarded. Finally, wide sites are discarded as
they might be multiple sites that cannot be separated during the analysis (Figure
3.21d).

3.7.2.4 Validation of the reference structure

To validate the use of a merged reference structure (see Section 3.7.2.2), we began
with the combination of Sla2 and Las17 from the coat and WASP/Myo modules,
respectively. To test whether LocMoFit can recognize different proteins based on
their spatial arrangement independently of the channels, we first performed dual-
color imaging of the reference structure (Sla2-SNAP-AF647 and Las17-mMaple)
without a target protein to retain the colors as the ground truth.

For describing the protein distributions, we built a model based on prior knowledge.
First, based on the shape of the invagination reported by an EM study (Kukulski
et al., 2012), we inferred that the coat proteins, which are distributed around the
tip of the invagination, have a cap-shaped distribution. In contrast, we inferred
proteins in the WASP/Myo module, which are localized around the base of the
invagination, to have a thick-ring distribution (Mund et al., 2018). Accordingly, I
implemented the model as a hemisphere for a coat protein and a thick ring for the
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second protein (Figure 3.22b, left), hence a ‘ring-cap’ model, in LocMoFit. Last, based
on the average radial arrangements of the corresponding proteins in the SMLM
study (Mund et al., 2018; Figure 1.10b), I determined and fixed the size (radii) of the
two shapes, resulting in the final model (Figure 3.22a).

To reconstruct the dynamics, I then performed the fitting in LocMoFit to acquire
the distance between the two parts of the composite model, which was used as
a pseudotime. I removed color information from the localizations before loading
them into LocMoFit. After fitting through all sites, the same procedure as described
in Section 3.7.2.1 was applied except that the pseudotime is based on the ring-cap
distance, resulting in the reconstructed dynamics (Figure 3.22d). For verifying the
reconstruction, I mapped the colors back to the localizations. The reconstruction
exhibits the expected distributions for both proteins (Figure 3.22e), confirming that
LocMoFit can extract the ring-cap distance precisely with even only one channel
and thus validate the use of the composite reference structure.

Next, I will demonstrate how to reconstruct the dynamics of target proteins based
on the reference structure. For that, we tagged the target protein pan1, another coat
protein, with SNAP in addition to the reference structure tagged with mMaple and
performed dual-color SMLM. Note that here the reference structure was modified:
we replaced Las17 with Myo5, which is another protein in the same functional mod-
ule but has more protein copies and a wider radial distribution, thereby providing
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higher structural sampling and sensitivity to rotation. In the resulting reconstruction,
the target Pan1 shows dynamics similar to that of the coat protein Sla2 (Figure 3.23b),
indicating a promising reconstruction and validating the proposed approach. Inter-
estingly, I found a linear increase of the sorted measured ring-cap distance in the
range where the temporal information can be more faithfully inferred. This range
is from 15 nm, the minimum distance determined by the settings for fitting (this
minimum was further reduced to zero in the analysis described in Figure 3.24), to
108 nm, the ring-cap distance corresponding to membrane scission (Picco et al., 2015).
After scission, the ring-cap distance has been shown to be much more variable (Picco
et al., 2015), thus the pseudotiming is expected to be less meaningful. This linearity
has also been observed in the live-cell study by Picco et al., 2015, again supporting
my reconstruction approach. Furthermore, with a linear interpolation based on the
two points [15 nm,−4.9 sec] and [108 nm, 0 sec], reported by Picco et al., 2015 (Figure
3.23b), I was able to assign absolute time to the time bins of the reconstruction
(Figure 3.23a).

3.7.2.5 Dynamic protein distribution maps

Finally, we are working on expanding this approach to all endocytic proteins. To
provide an overview of the future reconstruction of the whole machinery, we first
reconstructed the dynamics of one protein for each of the modules (Figure 1.10b).
These proteins are the coat protein End3, the yeast WASP Las17, the actin cross-
linker Sac6, and Rvs167 from the scission module. For the reconstruction, Philipp
Hoess acquired for each of the proteins one dataset, where he manually picked
203 sites and rotated them to have upward-pointing invagination after rotation. I
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then fitted the reference structure in LocMoFit and applied the workflow of the
dynamic reconstruction. I found that in some sites, only one component of the
reference structure was detected (model weight < 5%). These sites were considered
as having only the coat and thus placed at the beginning of the list (see Paragraph
4.7.2 for a discussion in depth). In the reconstructed dynamics, co-localization of
End3 with both reference components (Figure 3.24a) is evident, particularly in the
late time points. Throughout the endocytic progression, Las17 stays at the base
of the endocytic invagination, with a more diffuse distribution along the axis of
invagination found at late time points (Figure 3.24b). The distribution of Sac6 is
located around the reference and expanded over time (Figure 3.24c). Rvs167 has
increasing intensity toward the end, although the Rvs167 signal was also high
in the first bin (Figure 3.24d). Finally, we show the last time bin of the four-color
reconstructed protein distribution map created based on the shared reference (Figure
3.24e). This promising preliminary result supports the idea of a more extensive
reconstruction.
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4 | Discussion

4.1 Analyzing individual structures

In this work, I presented the powerful and general analysis framework LocMoFit
for extracting quantitative descriptors of macromolecular structures by fitting an
arbitrary, parameterized model to individual structures in SMLM data (i.e., Figures
3.7, 3.10, and 3.17). In general, extracting quantitative descriptors with other high-
resolution techniques is difficult. For example, electron microscopy typically relies
on forming an average of many copies of identical structures to reach sufficient
signal-to-noise ratios. LocMoFit does not require averaging and thus allows for the
investigation of cellular structures that are heterogeneous and complex, making
SMLM an important complementary method for in situ structural biology.

4.1.1 Comparison of LocMoFit and PERPL

Apart from LocMoFit, PERPL is the only analysis that can extract complex parame-
ters from SMLM data among all relevant algorithms. Similar to LocMoFit, PERPL
extracts parameters by fitting a parameterized model and has been applied to quan-
tify the size and ring separation of the NPC (Curd et al., 2021). The main advantage
of PERPL is that it does not require segmentation and registration of the structures
prior to the analysis. However, instead of the 2D or 3D coordinates, it uses a 1D
representation, the relative position distribution (RPD), for fitting. Although it is
based on spatial statistics such as pair-correlation analysis, which is usually applied
to a larger field of view containing many structures, PERPL has also been used to an-
alyze and classify individual structures. Thus, I directly compared the performance
of PERPL and LocMoFit on simulated individual structures. First, I attempted to use
3D clathrin coats (Figure 3.17c) as test structures that are not identical but contain
many closing angles and curvatures to represent a situation in which a bulk analysis
is not applicable. This attempt was not feasible with PERPL because of the extremely
long runtime (more than 8 h compared to tens of seconds for LocMoFit per site)
resulting from the computationally expensive calculation of an RPD model for the
continuous geometry. Therefore, I used arcs (Figure 4.1a,b) instead, which can be
seen as 2D cross-sections of the clathrin-coated pits described in Figure 3.17c. The
parameter estimates reported by PERPL have a strong variability and bias, and
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many fits even failed to converge to the global optimum (Figure 4.1c). This issue
is likely to arise from the indistinguishable RPDs produced by visually different
geometries, given the noise in the data (Figure 4.1d-f). The similarity of RPDs results
from the loss of information caused by the dimensionality reduction, which renders
the RPD a quite abstract representation of the underlying data. In contrast, LocMoFit
yields much more robust and accurate parameter estimates thanks to its direct fitting
to coordinates.
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The same trend was also evident for another test structure, NPCs simulated with
constant parameters (Figure 4.2). Here, LocMoFit yielded unimodal parameter
distributions that reflect the constant ground truth values, which PERPL failed to
reveal.

To sum up, PERPL is powerful because it enables bulk analysis of complex structures
when they share the identical underlying structures (Curd et al., 2021). However,
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Figure 4.2 | Comparison between LocMoFit and PERPL based on simulated NPCs. (a)
The NPC (nuclear pore complex) model used for simulating single NPCs (b). (c) Fitted pa-
rameter values reported by LocMoFit (r = 53.7± 2.7 nm, s = 49.7± 7.7 nm, θ = 8.8± 4.6°)
and PERPL (r = 53.2± 10.4 nm, s = 54.9± 32.7 nm, θ = 12.0± 12.1°). Ground truth (GT)
values are r = 53.4 nm, s = 50.2 nm, and θ = 8.8°. Simulation parameters are summarized
in Table 6.13. Sample size: 500 sites. Scale bar: 100 nm.

PERPL relies on dimensionality reduction, which is sensitive to differences in label-
ing efficiency and background, although their effects are diluted in bulk analysis
where the information of many particles is pooled. This advantage of PERPL is not
applicable to single particle analysis, where LocMoFit is much more robust because
it directly analyzes localization data in their original dimensionality. Therefore,
LocMoFit is more suitable for analyzing single particles, compared to PERPL.

4.2 Protein distribution maps

The distribution of a protein relative to the complex it belongs to is often related to
its biological function. Knowing a protein distribution and statistical analysis of indi-
vidual structures are both important. Retrieving such a distribution precisely from a
single particle is typically impossible because of imperfect localization precision and
labeling efficiency. Nevertheless, when many copies of the identical structure can be
obtained, the protein distribution can be mapped as an average of these copies. The
resulting distribution map is beneficial for improved contrast and labeling efficiency,
compared to single particles. In LocMoFit, such a map can be created with or with-
out a reference structure. With the intention of using a reference, dual-color SMLM
has to be performed to image a target protein simultaneously with the reference
structure in the same protein complex in different channels. The reference structure
is then fitted with a corresponding model in LocMoFit to register single particles.

In the case when the model is defined as a fixed template, the distribution map of
the target protein can then be simply generated by superpositioning the registered
particles. When different target proteins are imaged with the same reference, these
proteins can be mapped to the same coordinate system by applying the same proce-
dure, resulting in a multi-color protein distribution map (Figure 3.14). In another
case when a parameter, which increases monotonically over time, can be defined in
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the model describing the reference structure, the structure can be dynamically re-
constructed by sorting the individual super-resolution snapshots by this parameter.
For example, as shown in Figures 3.18 and 3.19, we were able to help resolve a long-
standing dispute about the mechanism of endocytic coat remodeling in mammalian
cells and visualize the corresponding structural dynamics. This application of Loc-
MoFit enables assigning temporal information to fixed snapshots of a fast dynamic
biological process, which is necessary as SMLM is often too slow to investigate these
processes in living cells.

If the underlying structure cannot be obtained beforehand, a protein distribution
map can still be generated without a reference structure. This analysis, called model-
free particle averaging, assumes that all particles share an identical underlying
structure. In LocMoFit, this analysis (see Figure 3.15 for the entire workflow) is
performed by first generating a data-driven template based on the similarity across
a subset of particles. The template is then used to iteratively register and fuse all
particles in the same dataset, updating the template in each round. An average
representation, or the protein distribution map, of the structure can be obtained
when the template update converges. Using this approach, I generated a 3D protein
distribution map of the NPC with remarkable quality. This map of Nup96 shows that
each of the eight corners per NPC ring is elongated and tilted outward, reflecting
the presence of two individual proteins per corner (Figure 3.16). This feature was
invisible in the average of a similar nucleoporin Nup107 obtained by a recently
published approach (Heydarian et al., 2021), but was observed at small subsets of
individual NPCs using DNA-PAINT (Schlichthaerle et al., 2019).

4.2.1 Potential biases caused by averaging

Here, I will discuss the biases to be considered when generating a protein distribu-
tion map using LocMoFit.

4.2.1.1 Template bias

The so-called ‘template bias’ refers to the fact that the average derived from a
template-based registration can be biased toward the template. This bias can cause
the features that are present in the model but not the data to appear in the average,
resulting in a wrong interpretation. Therefore, interpreting the averages of the refer-
ence structures (e.g., Nup96 in Figure 3.14) should be done carefully. For example,
before concluding any novel feature based on the average, one should always make
sure that the feature is not a prior used in the model. However, target structures
should be free of this bias when the registration is solely based on the co-labeled
reference structure.
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4.2.1.2 Bias to a sub-population

Model-free averaging does not suffer from template bias because no template is used.
However, variability including different structural conformations is expected in
most biological samples. The resulting averages can be biased toward a certain sub-
population that is usually the most dominant among the single particles (Henderson,
2013). To avoid this bias, a classification prior to averaging might be necessary, as
demonstrated in a recent study where different ellipticities of the NPC can only be
retained in the final averages when they are pre-classified (Huijben et al., 2021).

4.3 Key factors to reliable analysis

A reliable image analysis pipeline incorporating LocMoFit necessitates good data
quality, a proper workflow, and choosing correct priors. I will discuss these factors
in the following paragraphs.

4.3.1 Priors

Choosing correct models is the key to performing a meaningful analysis in Loc-
MoFit. One has to keep in mind that any model always yields certain parameters.
However, these parameters can be difficult to interpret or meaningless if the model
is wrong. Therefore, the construction of a meaningful model should be based on
prior knowledge acquired by other techniques, visual inspection of the data, and/or
model-free particle averaging. The latter two points are supported by many func-
tions implemented in LocMoFit.

To avoid bias, I recommend to parametrize the model in a more general way so
that the same parameters can describe structures of different classes. For example,
the models used in this study for estimating parameters are not defined as rigid
templates. Therefore, the models can explore different sizes and shapes during
optimization. In general, simple models with few free parameters have a lower risk
of over-fitting, in comparison to complex models. When multiple possible models
exist, LocMoFit provides AICC to help identify the most suitable one given the
localization data, taking the sample size and the number of free parameters into
account (Cavanaugh, 1997).

4.3.2 Data quality

To provide precise parameter estimation and to avoid over-fitting, sufficient data
quality is required. Data quality is determined by SMLM properties including la-
beling density, localization errors, re-blinks, etc. The required quality also depends
on the complexity of the structures being analyzed and is difficult to assess without
knowing the underlying structure and parameters of the ‘ground truth’ (Venkatara-
mani et al., 2016; Griffié et al., 2020). Therefore, LocMoFit employs a simulation
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engine that allows the user to generate realistic test datasets based on the ground
truth, across different ranges of SMLM properties that correspond to various data
qualities. When comparing the parameters estimated by LocMoFit with the ground
truth values, the estimation errors of the parameters can be evaluated. According to
the errors that can be tolerated, the user can estimate the data quality necessary for
a reliable quantification.

4.3.3 Workflow

A plausible and robust analysis workflow has to be established corresponding to the
supplied model and data. A robust workflow relies on the choice of the parameters’
starting values and search ranges, both of which can be defined flexibly in LocMoFit.
LocMoFit even allows users to define specific rules for assigning the starting values.
Optimization during the fitting is also an important part of the workflow. For that,
LocMoFit supports different optimizers, including gradient-based optimization
(Waltz et al., 2006) and alternatives that perform a parameter search over defined
intervals (simplex-based optimization; Lagarias et al., 1998) or more globally (particle
swarm optimization; Kennedy and Eberhart, 1995). Even when a proper model
and optimizer are used, the convergence of the fitting procedure to the global
optimum can still fail due to the complexity of the model. When this happens, I
would recommend using the step-wise optimization, also supported by LocMoFit,
to roughly estimate the key parameters by first fitting a simpler version of the model
to the data and then transferring the fitted information to aid the following fitting
steps.

For evaluating the workflow, the aforementioned simulation functionality imple-
mented in LocMoFit can provide realistic test datasets. Visualization tools that enable
users to visually inspect the fit results are also provided to check the reliability of
the workflow and avoid result misinterpretation.

4.4 Linkage errors and biased labeling

I still would like to underline the effect of the linkage error, although it is introduced
by the labeling strategy and not the data analysis. In fluorescence microscopy,
one does not observe the protein of interest but fluorophores attached to it. The
attachment can be either covalent (e.g., tagging with GFP) or mediated by molecular
interactions (e.g., immunolabeling). With the resolution provided by SMLM, the
effect of the linkage error has to be considered. The distribution visualized by
SMLM is more representative to the distribution of the protein of interest when the
linkage error is small. Therefore, when immunolabeling is applied, which introduces
a relatively large linkage error compared to most other labeling strategies (Früh
et al., 2021), the protein distribution has to be interpreted with care. Additionally,
limited epitope accessibility and/or high local molecular crowdedness can cause
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biased labeling, e.g., only a particular subset of the protein’s copies is labeled, or the
displacement of the fluorophore has a preferred orientation. This biased labeling
can cause inaccuracies in the reconstructed protein map. Linkage error and biased
labeling can be reduced or avoided by using different labeling strategies (described
in Section 1.1.4.5), which have to be chosen based on the balance between their ease
of use and the intended accuracy per sample.

4.5 General concept of dynamic reconstruction

Because of its long acquisition time, SMLM cannot directly acquire the time series of
a fast and dynamic biological process. However, as I demonstrated in this work (Sec-
tion 3.7), the dynamics of the procedure can be reconstructed from super-resolution
snapshots that are fixed at random time points in the biological process. Here, I will
discuss the general concept of such a reconstruction.

4.5.1 Extraction of temporal information encoded in snapshots

Dynamic reconstruction is based on temporal information encoded in static snap-
shots. The temporal information can be obtained based on single or multiple time-
associated parameters. Although all dynamic reconstruction examples shown in this
work are based on single parameters, I will also discuss the possible use of multiple
parameters in the future.

Based on single parameter Monotonic changes of such parameters over time are
required; otherwise, the temporal assignment is not unambiguous, i.e., the same
parameter value corresponds to multiple time points. However, the linearity of the
correlation between time and a time-associated parameter is not mandatory. When
describing the parameter values as a function of time, the slow and fast transitions
of the parameter over time (or higher and lower slopes in the function’s curve) are
translated to over- and under-represented parts of the parameter distribution. This
is how we obtained the transition speed over the progression of mammalian CME,
as shown in Figure 3.19.

Based on multiple parameters The inference of time can be based on multiple
time-associated parameters. This concept has been demonstrated in many single-cell
studies, where multiple or even thousands of parameters have been used in pseudo-
time analysis to reconstruct or infer single-cell trajectories across certain dynamic
biological processes such as cell differentiation (Saelens et al., 2019). When multiple
parameters are used together in the right combination, individual parameters are
not strictly required to have a monotonic trend over time if a temporal trajectory
can form in the multi-dimensional parameter space.

In the case of the dynamic reconstruction of CME in yeast (see Section 3.7.2), I
propose to use the ratio of localization counts between the two components (e.g.,
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myosin Myo5 and the coat protein Sla2, as shown in Figure 3.20a) of the reference
structure as a second time-associated parameter. At endocytic sites, the copy number
of Myo5 changes during endocytic progression, while the copy number of Sla2
is more consistent throughout the informative time frame (Picco et al., 2018; see
Paragraph Informative time frame below for more details). The choice of the ratio
instead of copy numbers provides an internal calibration that in theory eliminates
the variation across different experiments (e.g., different blinking characteristics
caused by changes in laser powers). The ratio of the two model parts is already a fit
parameter in the current workflow to improve the robustness by considering the
different molecules of the two parts and is therefore readily available.

4.5.2 Factors that may affect the inference of the reconstructed dynamics

In this section, I will discuss the factors that have to be considered when inferring
the reconstructed dynamics.

Variability over time A dynamic process with small variability such as CME in
yeast can be well described by representative dynamic trajectories (usually averages)
of parameters. Because the variability is non-zero in most dynamic processes, their
individual events do not exactly follow the trajectories. The parameters quantified
in snapshots are therefore typically not exactly on the trajectories but with certain
deviations. The consistency of the variability over time then determines whether
these deviations may interfere with the dynamic reconstruction. When the param-
eter measurements are sorted to form a temporal trajectory, they spread out from
their original time points because of these deviations. A constant variability over
time then ensures that the degree of spread at each time point is equivalent on aver-
age, assuring that the trajectory represents the average curve obtained in live-cell
measurements.

However, when the variability over time is inconsistent, the representability is
not guaranteed. One example is that the centroid position of Myo5 becomes more
variable after scission in yeast endocytosis. This increase in variation led to the
inconsistency between the reconstructed trajectory and similar information retrieved
from a live cell study (Picco et al., 2018) at late time points where LocMoFit reported
a faster movement (Figure 3.23b). Since the variation is quantified in Picco et al., 2018,
it can be incorporated to revise the dynamic reconstruction in the future. If multiple
parameters are used for the dynamic reconstruction, they may form a temporal
trajectory in the multi-dimensional parameter space, as discussed earlier. Unlike the
1D trajectory generated based on sorting, parameter measurements are allowed to
deviate from the multidimensional temporal trajectory, which may serve as a timing
index that tolerates inconsistent variability better.
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Co-existence of multiple paths The same biological process can undergo different
paths in the cell at the same time or depending on the cellular context. For example,
CME in mammalian cells has been suggested to proceed through different models,
including constant curvature and constant area models, depending on different
factors such as the local environment (Chen and Schmid, 2020). Each model should
correspond to a trajectory in the parameter space of curvature of the coats and their
closing angles. In this study, we only observed a single trajectory (Figure 3.17) based
on our data and given the data quality/resolution. This implies a single path of
CME, at least in the cell line we used under standard cell culture conditions.

In yeast, no alternative path has been reported and the dynamics of the endocytic
proteins have highly stereotypical average trajectories during CME (Kaksonen et
al., 2003; Mooren et al., 2012; Picco et al., 2015). Therefore, the dynamics we recon-
structed should still represent the average trajectories when the parameter variation
is constant over the time analyzed. Nevertheless, adding a second time-associated
parameter will allow multiple trajectories to exist and thus the investigation of
different paths.

Examples for multiple paths Biological events can stop on their trajectory or
even pass through it in reverse order after stalling. These events can interfere with
inferring the reconstructed dynamics by causing certain stages to appear more
prolonged. In this work, no information can be used to distinguish these events
from the productive events because they share the same trajectories in the parameter
space and we neither have information about their history nor their future. In the
following, I will discuss why we think that these events can be ignored in our
analyses.

In mammalian CME, two populations of abortive or stalled events have been re-
ported. The early abortive events have been considered as a result of failed clathrin-
coated pit nucleation and have a lifetime of seconds (Loerke et al., 2009; Cocucci
et al., 2012). In these events, very few (< 6) clathrin triskelia are recruited (Cocucci
et al., 2012) and should not be able to form an recognizable geometry in our analysis.
The late abortive events (Ehrlich et al., 2004; Taylor et al., 2011; Kadlecova et al., 2016)
have been proposed to be controlled by a putative endocytic checkpoint (Kadlecova
et al., 2016) that monitors the maturation of the clathrin-coated pits. These events
should correspond to flat structures (Kadlecova et al., 2016), which are rare in our
data set, hinting at rare detectable abortive events in the cells we analyzed. Therefore,
abortive events have a mild or no effect on our inference of the dynamics.

In wild-type budding yeast, endocytic events in the immobile phase have been
reported to be stalled instead of abortive (Pedersen et al., 2020). Nonetheless, the
stalling happens either before or at the beginning of the time frame we investigated
as the components forming the reference structure are only recruited to the endo-
cytic site relatively late in the immobile phase, thereby having a limited effect on
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our analyses. Retracting events during the mobile phase exist but are rare (0.7 %;
Kaksonen et al., 2005), hence can be also ignored in our analyses.

4.6 Dynamic reconstruction of mammalian CME sheds light
on its structural mechanism

In the field, there are two competing models of CME, as described in Section 1.4.1.2.
Briefly, the constant curvature model assumes that the curvature of the clathrin
coat stays the same over the entire endocytic progression. The growth of the coat
has been seen as the completion of the closed vesicle via increase of the closing
angle. The constant area model suggests that, already on the flat membrane, the coat
rapidly obtains its final surface area, which remains constant until the vesicle forms.
There is no consensus on the correct model because contradictory conclusions have
been suggested to support either of the models, their co-existence, or alternative
models.

In this work, jointly with others, I applied LocMoFit to quantitatively describe the
clathrin coats in SMLM snapshots and to extract parameters, including the closing
angle θ, which is a parameter representing endocytic progression. Based on θ, we
were able to assign temporal information to the static snapshots for studying the
mechanism of CME and to reconstruct a dynamic movie showing the structural re-
arrangement of the clathrin coat during endocytic progression. Our results disagree
with both competing models.

4.6.1 Quantitative description of single clathrin coats

Most approaches in in situ structure biology are not live-cell compatible. Therefore,
the investigation of the dynamics of CME in cells relies on acquiring many 3D
snapshots of the process fixed at random time points. The previous approaches
based on EM either provide limited throughput (Avinoam et al., 2015) or suffer from
indirect 3D information (Bucher et al., 2018; Sochacki and Taraska, 2019; Sochacki
et al., 2021). A recent work (Willy et al., 2021) studied the dynamics in live cells with
also indirect 3D information using SIM, which provides limited resolution compared
to other super-resolution techniques. Here, we overcame these limitations by using
SMLM to obtain high-quality super-resolution 3D snapshots of clathrin coats in situ
with higher throughput (more than 1,000 sites). I then applied LocMoFit to extract
the temporal information encoded in the snapshots and reconstructed the dynamics
of CME.

In LocMoFit, I translated the concept of spherical geometry into an applicable quan-
titative model for probing the geometry of CME at the single site level. The model
can successfully describe the main geometries that have been used to characterize
the coat’s shapes, including flat, dome-shaped, and spherical structures (Avinoam
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et al., 2015). The single-structure quantification led to the discovery of a trajectory of
curvature changing over pseudotime, which is encoded in the distribution of the
closing angle.

4.6.2 Curvature over the closing angle

In the trajectory, only a few flat clathrin lattices were found, indicating they are
transient in the beginning of endocytosis. During the first 10 % of the progression,
the shallow curvatureH = 0.007 nm−1 (cooresponding to r = 134 nm) of the clathrin
coat is quickly established. The bending slows down and continues until ∼60 % of
the progression, reaching an average curvature of 0.012 nm−1 (r = 83nm). In the
last ∼40 % of the progression, the curvature increases much slower than before,
and finally reaches its maximum at/just before vesicle scission. Furthermore, the
fit result shows that the earliest sites (with θ = 0.01) already gain ∼50 % of the final
vesicle surface area.

The rapid transition from a flat to a dome-shaped structure reflects a strong tendency
to bend in the beginning of the process. Moreover, the high surface area of the earliest
sites either reflects a rapid formation of the initial clathrin coats, or the possibility of
even smaller earlier sites being below our detection limit.

We concluded from the trends of curvature and surface area over time (Figure 3.18b,c)
that neither of them stays constant over the endocytic progression, disagreeing with
the main current models (see Figure 3.19c,d). The highly quantitative data allowed
us to further derive the alternative cooperative-curvature model (Figure 3.18a).

4.6.3 Cooperative-curvature model for CME

Based on the observation that the surface area increases during endocytosis (Bucher
et al., 2018), we assumed that the addition of triskelia to the rim with a constant
rate is the main source of the net growth of the coat (Figure 1.8a). This assumption
does not preclude the reported exchange of triskelia within the coat (Avinoam
et al., 2015). The curvature increase slowed down over the endocytic progression,
leading to the hypothesis of a preferred curvature in the model. The presence of a
preferred curvature is also supported by structures formed by purified clathrin in
vitro (Fotin et al., 2004; Saleem et al., 2015). A nonlinear relation between the rates
of curvature increase and curvature is introduced to reflect the cooperativity in the
lattice, supported by recent studies (Sochacki et al., 2021; Zeno et al., 2021). This
assumption of cooperativity is crucial for the consistency between the model and
the data and is, for example, exemplified in rearrangements of neighboring triskelia.
The cooperativity is also reflected by the predicted square root law of curvature
versus pseudotime (Figure 3.19c).

However, for simplicity, factors other than the clathrin coat itself are not considered
in the cooperative-curvature model. The deviation of the model from the data in
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the trajectories of closing angle θ over time (Figure 3.19b) related to the stalling
at 70° and 130° in the data (corresponding to the two peaks in Figure 3.19a) also
indicates the involvement of other factors. These factors include a vast number of
proteins such as several BAR domain proteins that mediate the temporal change of
membrane curvature at the endocytic site (Kaksonen and Roux, 2018). In addition,
the clathrin coat properties described in the model were all treated as constants,
although they can be variable.

Overall, the uncovered trajectory of mammalian CME clearly demonstrates the
potential of LocMoFit in answering important biological questions. Despite the pres-
ence of shapes that are more complicated than the supplied standard geometrical
model (e.g., asymmetric, ellipsoidal, or more irregular sites), it still well approxi-
mates the overall shapes. These asymmetric features are averaged out in the dynamic
reconstruction because of the rotational symmetry assumed by the model. However,
U-shaped structures, which deviate from the model along the axis of the rotational
symmetry, can be retained in the reconstruction (Figure 4.3).

radius R

1 2 3 4

Error (%)

0

5

10

15

20

25e

b     ground truth c      spherical �t

d surface area A

Error (%)

0

5

10

15

20

25

C
ou

nt

0.5R

R = 97 nm

a

-10 -5 0 5

Figure 4.3 | Fitting simulated U-shaped structures with the spherical model. I simulated
U-shaped structures with the model (a) that are formed compositely by a hemisphere on top
of a cylinder. The radius R of the hemisphere and the cylinder is fixed at 97 nm, according to
the average radius of structures that have closing angles slightly beyond 90°. The height of
the cylinder is fixed at half of R. Simulated structures were averaged based on the ground
truth or the spherical fit. 20-nanometer cross-sections of the averages are shown (b,c). The
averages are overlaid with the outline (dashed line) of the ground truth. The normalized
errors of the fitted surface area A (d) and radius R (e) are shown in the histograms. Sample
size: 100 sites. Scale bar: 50 nm. Aline Tschanz and I created the figure jointly. Adapted from
Mund et al., 2022, on which I am a co-author.

If necessary, more complex geometric models can be implemented to analyze these
structures, e.g., for quantifying different curvatures in asymmetric structures. How-
ever, using a more complex model can suffer from over-fitting or failed fits. These
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shortcomings can be assessed or avoided by comparison with the spherical model
based on AICC or a step-wise optimization, which are supported by LocMoFit.

4.7 Systematically studying the dynamics of CME in bud-
ding yeast

In this work, jointly with Philipp Hoess and Jonas Ries, I developed the concept of
using a composite reference structure to reconstruct the dynamics of endocytosis in
yeast. We have demonstrated that the geometric features of protein distributions
are sufficient for identifying specific proteins in the reference structure (Figure
3.22). The features also allowed a precise estimation of the time-associated ring-cap
distance based on only one label. The inward movement of the coat protein Pan1
(Picco et al., 2015) can be recapitulated (Figure 3.20) by the dynamic reconstruction
based on the ring-cap distance, showing that the distance indeed encodes temporal
information. I developed an automatic analysis pipeline to process high-throughput
data which contain thousands of sites per overnight acquisition. Thanks to the easy-
to-manipulate genome of budding yeast, we were able to apply the reconstruction
systematically to multiple endocytic proteins (Figure 3.24) in a preliminary data set.

4.7.1 Automatic analysis pipeline for processing high-throughput data

To process the large amount of data (hundreds or thousands of sites per target
protein), an automated analysis pipeline is necessary. This requires the automation of
data pre-processing and LocMoFit fitting. I developed an additional pre-processing
pipeline (Figure 3.21) in SMAP that can be applied prior to LocMoFit. This fully
automated pipeline segments cells and endocytic sites, filters cells by shape and size,
removes overlapping sites, and thus ensures that good-quality sites are selectively
retained. These sites are either rotated to be pointing upward or removed if their
orientation cannot be faithfully determined. At this stage, the sites are ready for
the LocMoFit fitting, which can be executed across all segmented sites without user
intervention in SMAP once the fitting settings are pre-defined. The throughput of
the entire workflow is demonstrated by analyzing the dataset with 651 sites and 310
cells (Figure 3.23).

4.7.2 A step toward the dynamic reconstruction of the entire endocytic
machinery

CME in yeast involves more than 50 proteins that arrive at and leave from the
endcoytic site in a highly coordinated manner. To finish the entire process, an
endocytic site has to undergo a long and variable (from ∼ 30 s to 4 min) immobile
phase and a short (∼ 30 s) mobile phase, where the proteins dynamically rearrange
to drive the membrane invagination. One of our main goals is to extend the dynamic
reconstruction to the entire endocytic machinery to understand how these proteins
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orchestrate. This goal requires analyses of individual target proteins, followed
by dataset merging. At the time I wrote up this work, we were still working on
extending the data set with more proteins of interest. The preliminary results based
on the proteins representing each endocytic module (Figure 3.24) show features
that agree well with prior findings but there are also features that are unexpected
or previously unknown. We found the coat protein End3 is localized in the coat
but also curiously at the base of the endocytic sites (Figure 3.24a). This pattern
is also present at a single site level, excluding an artifact caused by averaging. A
potential artifact caused by tagging the three proteins in the same cell has to be
further investigated. Although being an interesting finding, we still have to further
validate this pattern with higher sampling rate in the mobile phase with a larger
sample size. According to the last three time bins shown in Figure 3.24b, the yeast
homolog of the mammalian WASP Las17 is distributed more diffusely toward the
end of endocytic progression. This agrees with the reported localization of Las17 at
the invagination’s neck by immunoelectron microscopy (Idrissi et al., 2008) and the
slight inward movement of the Las17 centroid by live-cell fluorescence microscopy
(Picco et al., 2018). The dynamic reconstruction of the actin-crosslinker Sac6 shows
an expected dome-shaped distribution that expands inward over time (Figure 3.24c).
We found a denser part of the distribution sandwiched by the two parts of the
reference structure, having the upper and lower boundaries slightly overlapped
with the coat and the base ring, respectively. This finding of the denser part, which
in principle marks the sub-region of the actin network that has higher rigidity, may
potentially provide insight into the force generation if we can relate more members
of the actin network. However, I cannot exclude that the denser part is an effect of
projection. This possibility will be able to investigate with 3D imaging by 4Pi-SMS,
which provides isotropic resolution. In the mobile phase, Rvs167, a protein of the
scission module, distributes diffusely around the endocytic site right before the
separation of the coat from the base ring (bin 4 in Figure 3.23d). A denser part of the
Rvs167 distribution forms at the location of the base ring (bin 5) and then moves
slightly inward (bins 6 and 7) to the neck of the invagination.

Although being a preliminary result with only four target proteins and a small
sample size, these reconstructions not only already present previously unknown
features of protein rearrangements during endocytosis, but also provide useful
guidance to further analyses. In the following, I will discuss the points that have to
be considered in the further analyses.

Informative time frame As described in Section 3.7.2, the scope of this work is to
investigate the dynamic rearrangements that are observable in the side view, where
the change along the axis of endocytosis can be observed well. These rearrangements
mainly happen during the mobile phase, which thus defines the informative time
frame. The reference structure we used, i.e., Myo5/Sla2, has a ring-cap distance
increasing throughout the mobile phase, perfectly suiting this time frame.
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Sites outside of the time frame However, many of the sites that are not in the
informative time frame were also obtained: the sites with only one component of
the composite reference structure are detected, where the two components largely
overlap. In this case, the ring-cap distance cannot be faithfully determined.

During the temporal sorting, I decided to place the sites whose reference structure
contained only one component at the beginning of the list. The purpose was to retain
sites with the reference structure containing only Sla2, which could be described
not only by the cap model, but also solely by the ring model in some cases. These
sites can occur if they were fixed in the small time frame between the arrivals of
Sla2 and Myo5. However, we cannot exclude that Myo5 could appear alone in the
reference structure, e.g., after scission, because Rvs167, a protein recruited right
before scission, was present in the first time bin where the reference structure is flat
(Figure 3.24d).

I also noticed a long immobile phase, characterized by the overlay of the coat
and ring, in most of the reconstructions (Figure 3.24a,b,d). Although Myo5 was
considered as detectable according to the fitted weight (> 5%) of the ring structure,
the coat geometry was still dominant in some of the time bins in the immobile phase
(see Figure 3.24 for the examples: bin 3 in subpanel a, bins 3 and 4 in b, and bins
2 and 3 in d). This dominant geometry indicates that Myo5 might not have been
recruited in some composite sites forming these bins.

The cases above either are in the immobile phase or are rare events in the mobile
phase, therefore should be excluded from the future analysis.

Combining datasets One key step is to integrate several datasets so that different
target proteins can be related spatially and temporally. If the same reference structure
is used in all datasets, the seamless integration can be achieved by putting all datasets
on top of each other based on the time bins. However, in our preliminary results,
the immobile phase was observed at different frequencies in the different datasets
(Figure 3.24a-d). The different frequencies could be explained by the variable lifetime
of the mobile phase, ranging from∼ 30 s to 4 min (Pedersen et al., 2020). The variable
lifetime depends on the local environment of the endocytic sites, e.g., in the growing
bud or not, (Pedersen et al., 2020) and can be more pronounced on different datasets
given the small sample size of the preliminary result.

To sum up, these preliminary results clearly show that the dynamic reconstruction
of the mobile phase of yeast endocytosis by using a reference works well. Therefore,
it can be used to study the structural rearrangements of different target proteins.
For a comprehensive study, we will increase the sampling and the number of target
proteins.
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4.8 LocMoFit software

To benefit more potential users, LocMoFit is published as an open-source tool
(https://github.com/jries/SMAP/tree/master/LocMoFit) that has also
been integrated as part of the SMLM software platform SMAP (Ries, 2020). This
integration provides a graphical user interface for users to easily access LocMoFit
for fitting their own data. Users can learn how to use LocMoFit through tutorials
and example files I provide. For a more complex task, LocMoFit can be used as
stand-alone tool with an API for integration into own software. All the models
described in this work are readily usable and can be accessed by everyone via our
Git repository. These models can be used as the building block to form complex
composite models. Creation of new models is supported by template files and guides
although basic programming expertise is required. For knowledge sharing, I would
encourage users to deposit their own models to our Git repository.

The model fitting in LocMoFit is based on MLE, which is computationally expensive.
In the current implementation of LocMoFit, fitting a single site requires seconds to
minutes depending on the complexity of the model and the number of localizations
of the site: 5 to 10 s for an NPC and CME site in yeast, tens of seconds to a few
minutes for an CME site in a mammalian cell, 5 to 10 min for a micrometer-long
microtubule. With this performance, hundreds of sites can be fitted in overnight
runs on a standard CPU (e.g., Intel Core i5-4460).

I anticipate that LocMoFit will greatly increase the information that researchers can
extract from their SMLM data. Integration of LocMoFit into data analysis workflows
would allow them to handle more complex tasks that drive biological discovery.

https://github.com/jries/SMAP/tree/master/LocMoFit
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5 | Future outlook

In this work, I presented LocMoFit, a model-fitting framework for single particle
analysis in SMLM. I described the key functionalities of LoMoFit and demonstrated
their applications in in situ structural biology and studying dynamic structures.

Although the current version of LoMoFit is already catholic, the software itself and
its biological applications can still be extended in the future.

5.1 Extension of LocMoFit

LocMoFit uses sum log-likelihood as the objective function for the optimization
and has achieved precise parameter estimation. However, I have not explored the
distribution of log-likelihood values at single sites (i.e., log-likelihood of individual
localizations in certain areas), which should carry additional information, e.g., the
local discrepancy between the model and the data. I will further investigate the
values’ potential, e.g., to inform about heterogeneity.

I showed that classifying particles into time bins prior to particle averaging of
heterogeneous and dynamic cellular structures is necessary. Therefore, I will include
classification (Danial and Garcia-Saez, 2019; Pike et al., 2020) as part of the standard
particle averaging workflow in LocMoFit.

The current version of LocMoFit assumes that localizations are independent, al-
though multiple localizations may be generated by the same fluorophore at non-
consecutive time points so that they cannot be properly grouped. Assigning these
localizations to originate from the same fluorophore, e.g., using a Bayesian frame-
work that considers fluorophore blinking and non-stoichiometric labeling in a prob-
abilistic manner, has been shown to improve the localization precision (Fazel et al.,
2019). Inclusion of such a model in LocMoFit could further improve its robustness
and accuracy, but at the expense of runtime.

Although LocMoFit is already faster than PERPL, the tool I compared LocMoFit to,
for the same tasks I tested, fitting a large number of structures is still time consuming.
In the future version, the performance of LocMoFit can be further improved by
supporting the use of clusters or deployment on GPUs.
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5.2 Biological applications of LocMoFit

In this work, I quantified the key parameters of the NPC. However, I observed some
features that can not be probed by the current model. We expect to extend the model
to further quantify, for example, the ellipticity and local deformations of the NPC
rings. This could help us better understand how the NPC interacts with its local
environment or if different functional states which can be distinguished structurally
exist.

Jointly with other members in the group, we are applying the spherical model of
CME to study the coat rearrangement in different cell types and organisms. We are
also working on introducing the concept of the reference structure to reconstruct the
dynamics of other endocytic proteins, such as AP2 and dynamin, using clathrin as
the reference.

Up until now, we only analyzed one protein for each module of endocytosis in
yeast with a small sample size. We are working on increasing the sample size and
extending the number of target proteins. With the advance of an algorithm for PSF
fitting in 4Pi-SMS developed in the lab, it is possible to gain isotropic resolution in
all spatial dimensions. We envision to image endocytosis in yeast with the 4Pi-SMS
in the lab to obtain meaningful 3D information which improves the LocMoFit fitting
result but also provides us with the target protein in 3D.

I expect LocMoFit will benefit more researchers and drive their studies forwards.
Accordingly, for different structures of interest, models can be reused or newly
created. For example, in an on-going work of our collaborator Ivana Čavka (from
the Köhler group at EMBL), existing and new models are both applied to study
the arrangement of components of the synaptonemal complex in the nematode
Caenorhabditis elegans during meiosis. We will be maintaining a model library that
users can also contribute to, e.g., by uploading their models to our Github repository,
to support knowledge sharing.
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6 | Materials & Methods

6.1 Materials

6.1.1 Chemicals

Table 6.1 | Simulation parameters.

Parameter Value Value

Adenine hemisulfate salt Sigma-Aldrich, St. Louis, MO, USA A3159
Ammonium chloride Merck, Darmstadt, Germany 101145
Anti-clathrin heavy chain rabbit polyclonal
antibody

Abcam, Cambridge, UK ab21679

Anti-clathrin light chain rabbit polyclonal
antibody

Santa Cruz Biotechnology, Dallas, TX, USA sc-28276

Anti-Elys rabbit polyclonal antibody Atlas Antibodies, Bromma, Sweden HPA031658
Anti-mouse antibody, CF660C conjugated Biotium, Fremont, CA, USA 20819
Anti-mouse antibody, CF680 conjugated Biotium, Fremont, CA, USA 20815
Anti-Nup133 rabbit polyclonal antibody Atlas Antibodies, Bromma, Sweden HPA059767
Anti-Nup153 mouse monoclonal antibody Abcam, Waltham, MA, USA ab24700
Anti-Nup62 mouse monoclonal antibody BD Biosciences, San Jose, CA, USA 610498

Anti-rabbit antibody, unconjugated
Jackson ImmunoResearch, West Grove, PA,
USA

711-005-152

Anti-rabbit antibody, CF660C conjugated Biotium, Fremont, CA, USA 20818
Anti-rabbit antibody, CF680 conjugated Biotium, Fremont, CA, USA 20813
Bacto Agar BD Biosciences, San Jose, CA, USA 214010
Bovine Serum Albumin Sigma-Aldrich, St. Louis, MO, USA A7030
Concanavalin A Sigma-Aldrich, St. Louis, MO, USA C2010
D(+)-Glucose monohydrate Merck, Darmstadt, Germany 104074
Di-sodium hydrogen phosphate Merck, Darmstadt, Germany 106586
Digitonin Sigma-Aldrich, St. Louis, MO, USA D141
DMEM (high-glucose, w/o phenol red) Thermo Fisher, Waltham, MA, USA 11880-028
DMEM/F12 Thermo Fisher 10565018
DTT Sigma-Aldrich, St. Louis, MO, USA 43819
Formaldehyde solution, about 37 % Merck, Darmstadt, Germany 104003
Glucose-Oxidase Carl Roth, Karlsruhe, Germany 6028.1
Glutamine Sigma-Aldrich, St. Louis, MO, USA P0380
HEPES Biomol, Hamburg, Germany 5288
Image-iT™ FX Signal Enhancer Thermo Fisher, Waltham, MA, USA I36933
Non-essential amino acids (100times) Thermo Fisher, Waltham, MA, USA 11140-035
Normal Goat Serum Thermo Fisher, Waltham, MA, USA PCN5000
Peptone BD Biosciences, San Jose, CA, USA 211677
Potassium chloride Merck, Darmstadt, Germany 104936
Potassium dihydrogen phosphate Merck, Darmstadt, Germany 104873

Continued on the next page
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Table 6.1 Continued from previous page

Parameter Value Value
SNAP-Surface® Alexa Fluor™ 647 New England Biolabs, Ipswich, MA, USA S9136S
Sodium chloride Merck, Darmstadt, Germany 106404
Sucrose Sigma-Aldrich, St. Louis, MO, USA S0389
Triton™ X-100 Sigma-Aldrich, St. Louis, MO, USA X100
Yeast extract BD Biosciences, San Jose, CA, USA 212750
ZellShield® Minerva Biolabs, Berlin, Germany 13-0050

6.1.2 Buffers, solutions and media

Unless specified, all buffers, solutions, and media were prepared with Milli-Q®

ultrapure water.

ConA solution

Concanavalin A 0.4 % [w/v]
in PBS

Formaldehyde (FA) fixation solution

Formaldehyde (from 37 %, MeOH stabilized) 4 % [w/v]
Sucrose 2 % [w/v]
in PBS

PBS

KCl 2.7 mM
KH2PO4 1.5 mM
Na2HPO4 8.1 mM
NaCl 137 mM

Quenching solution

Ammonium chloride 100 mM
in PBS

Permeabilization and blocking solution

Image-iT™ FX Signal Enhancer 50 % [v/v]
Triton™ X-100 0.25 % [v/v]
in PBS
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Digitonin permeabilization solution

Digitonin 0.01 % [w/v]
in PBS

SNAP-tag staining solution

SNAP Surface® Alexa Fluor 647™ 1 µM
BSA 1 % [w/v]
Triton™ X-100 0.25 % [v/v]
DTT 1 mM
in PBS

Blocking and antibody dilution buffer

Normal goat serum (NGS) 5 % [v/v]
in PBS

Blocking buffer (CME)

BSA 1 % [w/v]
in PBS

WGA staining buffer

WGA-CF680 400 [ng/mL]
Tris pH 8.0 100 mM
NaCl 40 mM

Blinking buffer

Tris/HCl pH 8 50 mM
NaCl 10 mM
D-glucose 10 % [w/v]
Glucose oxidase 500 µg mL−1

Catalase 40 µg mL−1

MEA 35 mM
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SK-MEL-2 medium

FBS 10 % [v/v]
ZellShield
HEPES 30 mM
in DMEM/F12i

i with GlutaMAX and phenol red

U2OS medium

FBS 10 % [v/v]
L-glutamine 2 mM
Non-essential amino acids 1×
ZellShield
in DMEMi

i high-glucose, without phenol red

YPAD (Yeast extract Peptone Adenine Dextrose) medium (plates)

Yeast extract 1 % [w/v]
Bacto peptone 2 % [w/v]
Adenine hemisulfate 0.004 % [w/v]
D-glucose 2 % [w/v]
Bacto agar (for plates) 2 % [w/v]
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6.1.3 Yeast strains

Table 6.2 | Yeast Strains used in this work.

Strain
number

Description Genotype Source

JRY0014
MKY0100 Las17-SNAPf (HIS)
Abp1-mMaple (Hph) MATa

MATa, his3∆200, leu2-3,112, ura3-52, lys2-801,
LAS17-SNAPf::HIS3MX6,
ABP1-mMaple::hphNT1

Ries Lab
(Mund
et al., 2018)

yPH069
MKY0100 Abp1-EGFP (HIS)
Las17-mMaple (Hph)
Sla2-SNAPf (Nat) MATa

MATa, his3∆200, leu2-3,112, ura3-52, lys2-801,
ABP1-EGFP::HIS3MX6,
LAS17-mMaple::hphNT1,
SLA2-SNAPf::natNT2

Höß, 2021

yPH197

MKY0102 Sla2-mMaple (LEU)
Pan1-SNAPf (Nat)
Myo5-mMaple-HA (Kan)
MATalpha

MATα, his3∆200, leu2-3,112, ura3-52, lys2-801,
SLA2-mMaple::LEU2, PAN1-SNAPf::natNT2,
MYO5-mMaple-HA::kanMX4

This work
(generated
by Philipp
Hoess)

yPH245
MKY0100 Myo5-mMaple3 (Hph)
Sla2-mMaple3 (LEU)
End3-SNAPf (Nat) MATa

MATa, his3∆200, leu2-3,112, ura3-52, lys2-801,
MYO5-mMaple3::hphNT1,
SLA2-mMaple3::LEU2, END3-SNAPf::natNT2

Höß, 2021
(generated
by me)

yPH246
MKY0100 Myo5-mMaple3 (Hph)
Sla2-mMaple3 (LEU)
Las17-SNAPf (Nat) MATa

MATa, his3∆200, leu2-3,112, ura3-52, lys2-801,
MYO5-mMaple3::hphNT1,
SLA2-mMaple3::LEU2, LAS17-SNAPf::natNT2

Höß, 2021
(generated
by me)

yPH247
MKY0100 Myo5-mMaple3 (Hph)
Sla2-mMaple3 (LEU)
Rvs167-SNAPf (Nat) MATa

MATa, his3∆200, leu2-3,112, ura3-52, lys2-801,
MYO5-mMaple3::hphNT1,
SLA2-mMaple3::LEU2,
RVS167-SNAPf::natNT2

Höß, 2021
(generated
by me)

yPH249
MKY0100 Myo5-mMaple3 (Hph)
Sla2-mMaple3 (LEU)
Sac6-SNAPf (Nat) MATa

MATa, his3∆200, leu2-3,112, ura3-52, lys2-801,
MYO5-mMaple3::hphNT1,
SLA2-mMaple3::LEU2, SAC6-SNAPf::natNT2

Höß, 2021
(generated
by me)

6.1.4 Cell lines

Table 6.3 | Cell lines used in this work.

Cell line Description Source

SK-MEL-2 SKMEL2 DNM2-GFP CLC-RFP
A kind gift from David Drubin, UC Berkeley
(Doyon et al., 2011)

U2OS U-2 OS-CRISPR-NUP96-SNAP clone no.33 Thevathasan et al., 2019
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6.2 Methods

Tables and their footnotes in this chapter have been adapted from Wu et al., 2021
and was originally written by myself.

6.2.1 LocMoFit framework

6.2.1.1 Model fitting in LocMoFit

Most text of this section has been adapted from Wu et al., 2021 and was originally
written by myself. In LocMoFit, MLE is used to fit a parameterized geometric
model to localizations constituting a structure of interest, particles, or sites. For
such a task, two inputs are required: 1) a geometric model f(p), parameterized with
a set of parameters p, that describes the distribution of fluorophores in the site,
and 2) a set of K localizations lk = {~xk, ~σk} in the site to be approximated by the
model. Here ~x = {x, y, z} are the localization coordinates with their uncertainties
~σ = {σx, σy, σz}. ~xk and ~σk are usually acquired from camera frames by fitting them
with an experimental or Gaussian PSF model through MLE (Smith et al., 2010; Li
et al., 2018).

In LocMoFit, a geometric model f(p) is converted to a PDF M(~x, ~σ | p), which is
required by the MLE theory. This allows the incorporation of localization uncertain-
ties in the PDF. M(~x, ~σ | p) describes the probability of having a single localization l
at the location ~x with an uncertainty ~σ given the model parameters p.

Here we assume that localizations in the set lk are random and independent variable
of the PDF. The likelihood of getting these localizations from the PDF equals to the
product of individual probabilities as in Equation 3.1.

To get the set of parameter estimates p̂ that best describe lk given the PDF M(P )

and so as f(p), we employ an optimization algorithm (see Optimization procedure) to
maximize the likelihood, as described by equation 3.2.

6.2.1.2 Calculation of the probability density function

In this section, I will discuss how to convert a geometric model f(p) to its PDF
M(~x, ~σ | p). f(p) be defined in either form of a fluorophore density map, discrete
fluorophore coordinates or a continuous fluorophore distribution.

For the first form fluorophore density map, the outputs of the geometric model d =

f(~x, p) is the density d of the fluorophore at a position ~x. f(~x, p) does not need to
be normalized when supplying it. If an arbitrary localization uncertainty has been
defined in f(p), its PDF can be calculated by merely normalization:

M(~x | p) = f(~x, p)∫∫∫
f(~x, p)dxdydz

. (6.1)
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Otherwise, the uncertainty is usually defined by the mean localization uncertainty
〈~σ〉 and is incorporated as the standard deviation of a Gaussian function convoluting
f(~x, p) (see equation 3.3). Practically, the model f(p) can be supplied as either an
image (2D fit), an image stack (3D fit), or directly as a function (regardless of the
dimensionality).

For the second form discrete fluorophore coordinates, the geometric model vj = f(p)

outputs coordinates of the fluorophores vj . Taking an one-dimensional example, the
corresponding PDF is defined as

M(x, σ | v) = 1√
2πσ

exp

(
−(x− v)2

2σ2

)
. (6.2)

Here, I assume the data has only a single fluorophore, at position v with a local-
ization precision σ, that is localized repeatedly. This yields localization coordinates
xk scattering around the position v following a Gaussian distribution having its
standard deviation as σ. If we have J model fluorophore positions ~vj the probability
that they describe a single measured localization.

6.2.1.3 Optimization procedure

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

To find the set of parameters p̂ that maximizes L (p), the user can select either an evo-
lutionary algorithm that searches parameters globally, a simplex-based derivative-
free searching, or a gradient-descent optimizer. Before optimization, the user can
define which parameters to fit and which to set to a constant value, and their initial
values and boundaries. The initial parameters can be either pre-defined values,
values derived from user-defined rules, or values inherited from a previous fitting
step.

For fitting, we classify the parameters p into intrinsic parameters pi that directly
determine the shape of the model and extrinsic parameters pe =

{
~x0, ~α, ~S, ε, wbg

}
that describe the position of the model ~x0, the orientation, described by the rotation
angles ~α about the three axes, and optionally a global scaling factor ~S, an uncer-
tainty ε additional to the localization precision, and the weight wbg of a constant
background PDF Mbg to accommodate the localizations that cannot be described by
the geometric PDF (see next section). Here the rotation angles ~α = {α, β, γ} about
the x, y, and z axes, respectively, define the rotation matrix:

R =

 cosβ cos γ − cosβ sin γ sinβ

cosα sin γ + cos γ sinα sinβ cosα cos γ − sinα sinβ sin γ − cosβ sinα

sinα sin γ − cosα cos γ sinβ cos γ sinα+ cosα sinβ sin γ cosα cosβ

 .
(6.3)



96 Materials & Methods

This parameterization of R corresponds to the rotations about z, y, and x axes
subsequently. ~S = {sx, sy, sz} contains the scaling factors of the three spatial axes,
defining the scaling matrix S = diag

(
~S
)

. For a model in the continuous form,
we use the extrinsic parameters pe to reversely transform the localizations, which
is computationally more efficient than to transform the model. Thus, during the
optimization, we first transform the localization coordinates as

~x′ = R−1S−1 (~x− ~x0) (6.4)

For a discrete model we translate and rotate the model instead to avoid compu-
tationally costly rotation of the anisotropic multidimensional Gaussian (Equation
3.4), particularly in 3D. In this case, the fluorophore positions of the model ~v are
transformed during optimization as:

~v′ = SR~v + ~x0 (6.5)

As a result of maximizing the likelihood with respect to pi and pe, we obtain the
parameter estimates p̂i and p̂e along with their 95% confidence intervals based on
the Hessian matrix H estimated by fitting the log-likelihood function LL (p) with
a quadratic form Lq (p) using random parameter values p around the parameter
estimates p̂ as samples (Verdier et al., 2017), with a fitted constant a0:

LL (p) ≈ LLq (p) = (p− p̂)T H (p− p̂) + a0. (6.6)

The bth diagonal element of the inverse of −H are the estimated variance of the bth

fit parameters in p̂:
var (p̂b) =

[
(−H)−1

]
b,b
. (6.7)

The 95% confidence interval of parameter p̂b is the given as CI (p̂b) = p̂b ± 1.96 ×√
var (p̂b).

6.2.1.4 Background localizations and additional uncertainties

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

In real experiments, unspecific background fluorophores, localizations from neigh-
boring structures or large localization errors lead to localizations that are not de-
scribed by the model. This mismatch can introduce a bias in the parameter estimates.
We accommodate these so-called ‘background’ localizations with an evenly dis-
tributed (constant) PDF Mbg:

Mb (~x, ~σ|p) = (1− wbg)M (~x, ~σ|pm) + wbgMbg. (6.8)
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The set of parameters pm contains all elements of p except for the background
weight wbg. Mbg = d−D where d is the length of a site and D is the dimension, so that
the summed probability of Mbg over the site is one. wbg is the background weight
that represents the fraction of localizations that are considered background. The
total number Kbg and density ρbg of background localizations can be obtained as
Kbg = K · wbg and ρbg = Kbg/d

2. In LocMoFit the user can choose if to use the
density ρbg or the weight wb as the fitting parameter. The difference between the
total number of localizations K and Kbg is then the total number of localizations
described by the model Km = K −Kbg.

The localization precision σ often underestimates the true spread of localizations
in real experiments. The reason can be instabilities like thermal drifts or vibrations
during the experiment, the size of the label that displaces the fluorophore from
the target structure (linkage error) or biological variability that leads to a spread of
the fluorophores that is not described in the model. These additional uncertainties,
quantified by the parameter ε, lead to an additional blurring (Equation 3.3) with
〈σ〉2 → 〈σ〉2 + ε2. In Equation 3.4 we take ε into account with a modified covariance
matrix:

Σ = diag
(
σ2
x + ε2, σ2

y + ε2, σ2
z + ε2

)
. (6.9)

ε can be specified by the user or used as an additional free fitting parameter.

6.2.1.5 Composite models

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

LocMoFit allows the user to combine several simple models into a single one by
adding up and re-normalizing the PDFs of each model (see Equation 3.5).

The sum of weights is 1:
∑

mwm + wbg = 1. wm represents the proportion of the
localizations that can be described by the component PDF Mm. With the weights
we can estimate the number of localizations Km coming from a specific component
model Mm by Km=K · wm.

Note that here we define the extrinsic parameters pem (except for the model weight
wm) of the mth component model (m > 1) with respect to the first component model,
with a value zero indicating the same transformation as the first component model.
That is, the rigid transformation of the first component model (according to pe1) is
first applied to all component models, followed by the rigid transformation of the
mth component model (according to pem) applied to only the mth component model.

The user can select which parameters are fixed among the models and which are
fitted independently. This greatly facilitates constructing complex models.
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When fitting multi-color SMLM data, each localization is not only described by its
coordinate and localization precision, but also its color c. In this case, we can define
a separate model for each color channel and fit all models simultaneously, as shown
in Equation 3.6.

The weight for each color channelwc is introduced to minimize the effects of different
numbers of localizations between different colors and can be assigned as wc =

Kc
−1∑

cKc, where Kc is the number of localizations with the color c. wc is used as
an exponent to normalize the different multiplications, which scales to the number of
localizations, in Equation 3.1. When the effects of different numbers of localizations
are preferred, weighting can be switched off by setting wc = 1. Note that each single-
color PDF Mc (~x

c
k, ~σ

c
k|pc) (with the background PDF M c

bg, as described by Equation
3.5 for an individual model or Equation 3.6 for a composite model) is evaluated only
with the localizations of the corresponding color.

6.2.1.6 Chaining fitting steps for improved convergence

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

For complex models with many fitting parameters, optimizers are limited in scan-
ning the entire parameter space to find a global optimum and might get stuck in a
local maximum of the likelihood. Thus, LocMoFit allows the user to chain several
fitting steps with different models and use the results of the previous step as the
initial parameter for the next one. Note that the first step can employ user-defined
rules/functions to provide initial parameter estimates. Then, the user can use a less
complex model with strong blur (Equation 6.9), using a global optimizer before fine-
tuning the fit with a simplex or gradient-descend optimizer on the precise model. In
this way, LocMoFit efficiently finds the global maximum of the cost function L (p).

6.2.1.7 The relation between likelihood and cross-correlation

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

The likelihood L (p) can be seen as a metric that describes the similarity between
model f (p) and data lk from the probabilistic aspect. By changing the multiplication
in Equation 3.1 to summation, we get another metric that is regularly used for
pattern matching and represents the cross-correlation between model and data
(Equation 3.7). When using a model f (p) in the discrete form, by plugging its
PDF (as in Equation 3.4) into Equation 3.7, we get a similar form as the correlation
between two sets of points derived in Schnitzbauer et al., 2018, with the exception
that we do not assign uncertainties to fluorophore coordinates in the model. Also,
it is closely related to the Bhattacharya cost function and derivations that were
previously used for particle fusion (Heydarian et al., 2018; Heydarian et al., 2021)
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and detecting structural heterogeneity (Huijben et al., 2021) in SMLM. Therefore, the
cross-correlation Lcc (p) can also be used as the objective function in LocMoFit.

6.2.2 Data analysis

6.2.2.1 Model fitting

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

Model fitting requires segmented sites (see Section 6.2.5.3).

Nup96 We used three models to describe Nup96 in different fitting steps. The first
model, NPCm1, is a composite model of two identical rings, with a fixed radius,
shifted along their common axis. The extrinsic parameters of the upper ring were
fixed to those of the lower ring, except for the z position. This model was imple-
mented as a fluorophore density map. The second model, NPCm2, is a dual-ring
model that has two identical parallel rings, parameterized by intrinsic parameters
ring radius r and ring separation s. This model was implemented as a discretized
continuous fluorophore distribution. The third model, NPCm3, was built using the
NPCm2 as a backbone, having the continuous rings replaced by fluorophore posi-
tions (Figure 3.3a). Two of the fluorophores form a unit, which is evenly placed eight
times on one ring rotationally and yield 32 positions in total. Since the rings are not
continuous anymore, the twist θ between the two rings is also an intrinsic parameter
in addition to the two parameters inherited from the second model.

For single-color NPC data (Figure 3.7), we chained these three fitting steps: 1) fitting
with NPCm1 to roughly measure the orientations, positions, and ring separations of
the NPCs, 2) fitting with NPCm2 to refine the previously measured parameters and
to measure radii, and 3) fitting with the NPCm3 to measure the ring twist, with the
extra uncertainty ε a free parameter to allow exploring parameter space more during
optimization. The initial parameters of a later step were inherited from the final
parameters of the previous step. All parameter settings are summarized in Table 6.4.
For a direct and unbiased comparison between LocMoFit and PERPL (Figure 4.2),
we skipped the first step and used a different set of parameter settings Table 6.5.

Table 6.4 | Fitting settings used in this study for Nup96 in single color data.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii
Initial valueiv Unit Symbol

LB UB LB UB

1 1 e x yes -50 50 -150 150 x̃k nm x0

1 1 e y yes -50 50 -150 150 ỹk nm y0

1 1 e z yes -100 20 -300 300 z̃k − 40 nm z0

1 1 e weight no 1 w1

1 1 e xrot yes -30 30 -inf inf 0 ◦ α

Continued on the next page
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Table 6.4 Continued from previous page

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii
Initial valueiv Unit Symbol

LB UB LB UB
1 1 e yrot yes -30 30 -inf inf 0 ◦ β

1 1 e zrot no 0 ◦ γ

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 e zscale no 1 sz

1 1 e variation no 0 nm ε

1 2 e x no 0 nm x0

1 2 e y no 0 nm y0

1 2 e z yes -40 100 0 300 40 nm ẑ0

1 2 e xrot no 0 ◦ α

1 2 e yrot no 0 ◦ β

1 2 e zrot no 0 ◦ γ

1 2 e variation no 0 nm ε

1 2 e weight no 1 w1

1 2 e xscale no 0 sx

1 2 e yscale no 0 sy

1 2 e zscale no 0 sz

1 L1 e weight yes -1 1 0.001 0.999 0 wbg

2 1 e x yes -20 20 -150 150 x̂1,10 + φ
(
ẑ1,20

)
[1]

nm x0

2 1 e y yes -20 20 -150 150 ŷ1,10 + φ
(
ẑ1,20

)
[2]

nm y0

2 1 e z yes -20 20 -300 300 ẑ1,10 + φ
(
ẑ1,20

)
[3]

nm z0

2 1 e xrot yes -15 15 -inf inf inherited ◦ α

2 1 e yrot yes -15 15 -inf inf inherited ◦ β

2 1 e zrot no 0 ◦ γ

2 1 e variation yes 0 20 1 20 0 nm ε

2 1 e weight no 1 w1

2 1 e xscale no 0 sx

2 1 e yscale no 0 sy

2 1 e zscale no 0 sz

2 1 i azimuthalShift no 0 ◦ θ

2 1 i cornerDegree no 12 ◦ ψ

2 1 i ringDistance yes -10 10 0 100 inherited nm s

2 1 i radius yes -10 10 30 70 inherited nm r

2 L1 e weight no inherited wbg

3 1 e x no inherited nm x0

3 1 e y no inherited nm y0

3 1 e z no inherited nm z0

3 1 e xrot no inherited ◦ α

3 1 e yrot no inherited ◦ β

3 1 e zrot yes -180 180 -inf inf 0 ◦ r

3 1 e variation yes -10 10 1 20 5 nm ε

3 1 e weight no inherited w1

3 1 e xscale no inherited sx

3 1 e yscale no inherited sy

3 1 e zscale no inherited sz

3 1 i ringDistance no inherited nm s

3 1 i radius no inherited nm r

3 1 i cornerDegree no 12 ◦ ψ

3 1 i azimuthalShift yes -180 180 -inf inf 0 ◦ θ

3 L1 e weight yes -1 1 0.001 0.999 inherited wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
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iv A tilde operator represents a median value, a hat operator indicates a parameter estimate, and superscripts represent steps and models
(e.g., ẑ1,20 means the estimate of z0 from model 2 in step 1). The function ~z′[k] = φ(z)[k] outputs the kth element of the vector ~z′

derived from ~z =
[

0 0 z
]

rotated by the rotation matrix constructed using
{
α̂1,1, β̂1,1, r̂1,1

}
as the angles {α, β, γ} in

Equation 6.3. ‘inherited’ indicates that a value is inherited from its counterpart estimate in the previous step. Other symbols have the
same meanings as in the main text.

Table 6.5 | LocMoFit fitting settings used in the comparison of LocMoFit and
PERPL for the simulated NPCs.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii
Initial valueiv Unit Symbol

LB UB LB UB

1 1 e x yes -50 50 -150 150 x̃k nm x0

1 1 e y yes -50 50 -150 150 ỹk nm y0

1 1 e z yes -50 50 -300 300 z̃k nm z0

1 1 e xrot yes -15 15 -inf inf 0 ◦ α

1 1 e yrot yes -15 15 -inf inf 0 ◦ β

1 1 e zrot no 0 ◦ γ

1 1 e variation yes -inf inf 1 20 10 nm ε

1 1 e weight no 1 w1

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 e zscale no 1 sz

1 1 i azimuthalShift no 0 ◦ θ

1 1 i cornerDegree no 12 ◦ ψ

1 1 i ringDistance yes -inf inf 0 100 35 nm s

1 1 i radius yes -inf inf 0 100 35 nm r

1 L1 e weight yes -1 1 0.001 0.999 0.1 wbg

2 1 e x no inherited nm x0

2 1 e y no inherited nm y0

2 1 e z no inherited nm z0

2 1 e xrot no inherited ◦ α

2 1 e yrot no inherited ◦ β

2 1 e zrot yes -180 180 -inf inf 0 ◦ r

2 1 e variation yes -10 10 1 20 5 nm ε

2 1 e weight no inherited w1

2 1 e xscale no inherited sx

2 1 e yscale no inherited sy

2 1 e zscale no inherited sz

2 1 i ringDistance no inherited nm s

2 1 i radius no inherited nm r

2 1 i cornerDegree no 12 ◦ ψ

2 1 i azimuthalShift yes -180 180 -inf inf 0 ◦ θ

2 L1 e weight yes -1 1 0.001 0.999 inherited wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
iv A tilde operator represents a median value. ‘inherited’ indicates that a value is inherited from its counterpart estimate in the previous
step. Other symbols have the same meanings as in the main text.

For dual-color NPC data (Figure 3.14), Nup96 was fitted in two chained steps: 1)
fitting with NPCm1 as for the single-color data, and 2) fitting with NPCm3, having
intrinsic parameters fixed to the mean parameter values that were extracted from
the single-color data (Figure 3.7c). All parameter settings are summarized in Table
6.6.
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Table 6.6 | Fitting settings used in this study for Nup96 in dual-color data.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii Initial valueiv Unit Symbol

LB UB LB UB

1 1 e x yes -50 50 -150 150 x̃k nm x0

1 1 e y yes -50 50 -150 150 ỹk nm y0

1 1 e z yes -100 20 -300 300 z̃k − 40 nm z0

1 1 e weight no 1 w1

1 1 e xrot yes -30 30 -inf inf 0 ◦ α

1 1 e yrot yes -30 30 -inf inf 0 ◦ β

1 1 e zrot no 0 ◦ γ

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 e zscale no 1 sz

1 1 e variation no 0 nm ε

1 2 e x no 0 nm x0

1 2 e y no 0 nm y0

1 2 e z yes -30 100 0 300 40 nm z0

1 2 e xrot no 0 ◦ α

1 2 e yrot no 0 ◦ β

1 2 e zrot no 0 ◦ γ

1 2 e variation no 0 nm ε

1 2 e weight no 1 w1

1 2 e xscale no 0 sx

1 2 e yscale no 0 sy

1 2 e zscale no 0 sz

1 L1 e weight yes -1 1 0.001 0.999 0 wbg

2 1 e x yes -20 20 -150 150 x̂1,10 + φ
(
ẑ1,20

)
[1]

nm x0

2 1 e y yes -20 20 -150 150 ŷ1,10 + φ
(
ẑ1,20

)
[2]

nm y0

2 1 e z yes -20 20 -300 300 ẑ1,10 + φ
(
ẑ1,20

)
[3]

nm z0

2 1 e xrot yes -10 10 -Inf Inf inherited ◦ α

2 1 e yrot yes -10 10 -Inf Inf inherited ◦ β

2 1 e zrot yes -180 180 -inf inf [1 360] ◦ r

2 1 e variation yes -10 10 1 20 5 nm ε

2 1 e weight no 1 w1

2 1 e xscale no 1 sx

2 1 e yscale no 1 sy

2 1 e zscale no 1 sz

2 1 i ringDistance no 50.2 nm s

2 1 i radius no 53.4 nm r

2 1 i cornerDegree no 12 ◦ ψ

2 1 i azimuthalShift no 8.8 ◦ θ

2 L1 e weight yes -1 1 0.001 0.999 inherited wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
iv A tilde operator represents a median value, a hat operator indicates a parameter estimate, and superscripts represent steps and models

(e.g., ẑ1,20 means the estimate of z0 from model 2 in step 1). The function ~z
′
[k] = φ(z)[k] outputs the kth element of the vector ~z′

derived from ~z =
[

0 0 z
]

rotated by the rotation matrix constructed using
{
α̂1,1, β̂1,1, r̂1,1

}
as the angles {α, β, γ} in

Equation 6.3. ‘inherited’ indicates that a value is inherited from its counterpart estimate in the previous step. Other symbols have the
same meanings as in the main text.

For the model selection, the fitting steps were the same as for single-color NPC data
except that different rotational symmetries were used as specified.
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Microtubules We used two models to describe microtubules. The first model,
MTm1, describes a cubic spline in 3D. In this model, the spline is defined as piece-
wise third-order polynomials that traverse through a set of odd numberN of equidis-
tant control points, in the order q = 1 to N . The middle point (q = q0 = (N +1)/2) is
defined as the reference position ~xmid = {xmid, ymid, zmid}. Starting from the middle
point, the rest of control points are defined in two directions, one from q = q0 − 1

to 1 and the other from q = q0 + 1 to N . Following these orders, the position of one
control point (q = qn) is defined by its distance d from the previous control point
and the azimuth θq and elevation angle ϕq, defined relative to the previous control
point. The second model, MTm2, uses the first model as a backbone, rendering rings,
centered at equidistant points on the backbone spline, perpendicular to the backbone
(Figure 3.10c). Thus, the radius r of the rings is an intrinsic parameter in addition
to the ones inherited from the first model. Both models were implemented as dis-
cretized continuous fluorophore distributions. In this study, we used the number of
control points N = 5 and the distance between points d = 250 nm.

Microtubules (Figure 3.10) were fitted with two chained steps: 1) fitting with MTm1,
having a large free extra uncertainty ε to estimate the central line of microtubule
segments, and 2) fitting with MTm2 to refine the path of the microtubules and to
measure the radius. The initial parameters of the second step were inherited from
the final parameters of the first step. All parameter settings are summarized in Table
6.7.

Table 6.7 | Fitting settings used in this study for microtubules.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii
Initial valueiv Unit Symbol

LB UB LB UB

1 1 e x no x̃k nm x0

1 1 e y no ỹk nm y0

1 1 e z no z̃k nm z0

1 1 e xrot no 0 ◦ α

1 1 e yrot no 0 ◦ β

1 1 e zrot no pcaRot (x̃k, ỹk, )
◦ γ

1 1 e variation yes -Inf Inf 30 45 40 nm ε

1 1 e weight no 1 w1

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 e zscale no 1 sz

1 1 i xMid yes -Inf Inf -500 500 0 nm xq

1 1 i yMid yes -Inf Inf -500 500 0 nm yq

1 1 i zMid yes -Inf Inf -500 500 0 nm zq

1 1 i dist no 250 nm q

1 1 i rotAziL1 yes -25 25 -Inf Inf 0 ◦ θL1

1 1 i rotEleL1 yes -25 25 -Inf Inf 0 ◦ ϕL1

1 1 i rotAziR1 yes -25 25 -Inf Inf 0 ◦ θR1

1 1 i rotEleR1 yes -25 25 -Inf Inf 0 ◦ ϕR1

1 1 i rotAziL2 yes -25 25 -Inf Inf 0 ◦ θL2

1 1 i rotEleL2 yes -25 25 -Inf Inf 0 ◦ ϕL2

Continued on the next page
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Table 6.7 Continued from previous page

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii
Initial valueiv Unit Symbol

LB UB LB UB
1 1 i rotAziR2 yes -25 25 -Inf Inf 0 ◦ θR1

1 1 i rotEleR2 yes -25 25 -Inf Inf 0 ◦ ϕR1

1 L1 e weight yes -1 1 0.001 0.999 0.5 wbg

2 1 e x no inherited nm x0

2 1 e y no inherited nm y0

2 1 e z no inherited nm z0

2 1 e xrot no inherited ◦ α

2 1 e yrot no inherited ◦ β

2 1 e zrot no inherited ◦ γ

2 1 e variation no 7 nm ε

2 1 e weight no inherited w1

2 1 e xscale no inherited sx

2 1 e yscale no inherited sy

2 1 e zscale no inherited sz

2 1 i xMid yes -30 30 -500 500 inherited nm xq

2 1 i yMid yes -30 30 -500 500 inherited nm yq

2 1 i zMid yes -30 30 -500 500 inherited nm zq

2 1 i r yes -Inf Inf 10 60 30 nm r

2 1 i dist no inherited nm q

2 1 i rotAziL1 yes -Inf Inf -25 25 inherited ◦ θL1

2 1 i rotEleL1 yes -Inf Inf -25 25 inherited ◦ ϕL1

2 1 i rotAziR1 yes -Inf Inf -25 25 inherited ◦ θR1

2 1 i rotEleR1 yes -Inf Inf -25 25 inherited ◦ ϕR1

2 1 i rotAziL2 yes -Inf Inf -25 25 inherited ◦ θL2

2 1 i rotEleL2 yes -Inf Inf -25 25 inherited ◦ ϕL2

2 1 i rotAziR2 yes -Inf Inf -25 25 inherited ◦ θR1

2 1 i rotEleR2 yes -Inf Inf -25 25 inherited ◦ ϕR1

2 L1 e weight yes -1 1 0.001 0.999 inherited wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
iv A tilde operator represents a median value. The function pcaRot(xk, yk, ) outputs the angle between the x-axis and the first component
of the localizations in the x-y plane. ‘inherited’ indicates that a value is inherited from its counterpart estimate in the last step. Other
symbols have the same meanings as in the main text.

Yeast endocytic structures For fitting endocytic sites in yeast cells where Las17
and Abp1 were labeled, we used a composite model formed by a two-element
model: projections of a 3D hemiellipsoid and a thick ring onto the 2D imaging plane
(Figure 3.20d). This model was implemented as a discretized continuous fluorophore
distribution. In the imaging plane, the base of the hemispherical projection is limited
to below the thick-ring projection. The hemispherical projection is parameterized by
the half long and half short axes a and b of a hemiellipsoid. The thick-ring projection
is parameterized by the thickness t and the inner/outer radii r and q of the ring. This
model was fitted to the yeast endocytic sites in the dual-color dataset (Figure 3.20).
The hemiellipsoid was only fitted to the localizations in the mMaple channel (Abp1)
and the thick ring to the localizations in the AF647 channel (Las17), respectively. All
parameters are summarized in Table 6.8.
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Table 6.8 | Fitting settings used in this study for fitting two channels in yeast.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii Initial valueiv Unit Symbol

LB UB LB UB

1 1 e x yes -30 30 -150 150 0 nm x0

1 1 e y yes -50 50 -150 150 ỹk nm y0

1 1 e zrot yes -15 15 -Inf Inf 0 ◦ γ

1 1 e variation no 0 nm ε

1 1 e weight no 1 w1

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 i innerRadius no 40 nm r

1 1 i outerRadius no 70 nm q

1 1 i thickness no 60 nm t

1 2 e x no 0 nm x0

1 2 e y yes -300 50 -200 200 0 nm y0

1 2 e zrot no 0 ◦ γ

1 2 e variation no 0 nm ε

1 2 e weight no 1 w1

1 2 e xscale no 0 sx

1 2 e yscale no 0 sy

1 2 i a no 85 nm a

1 2 i b yes 0 250 1 270 0 nm b

1 L1 e weight yes -1 1 0.001 0.999 0 wbg

1 L2 e weight yes -1 1 0.001 0.999 0 wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
iv A tilde operator represents a median value and superscripts represent channels (e.g., ỹ1k means the median of yk, or y positions of
localizations, in channel 1). Other symbols have the same meanings as in the main text.

For fitting endocytic sites in yeast cells where a reference structure was labeled, the
above-mentioned composite model was used but the hemiellipsoid was replaced by
a hemisphere. Accordingly, the parameters a and b were replaced by the spherical
radius r. Both component models were fitted to the localizations of the reference
structure. All parameters are summarized in Table 6.9 for the reference Las17/Sla2
and Table 6.10 for Myo5/Sla2.

Table 6.9 | Fitting settings used in this study for the reference structure Las17/Sla2
in yeast.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii Initial valueiv Unit Symbol

LB UB LB UB

1 1 e x yes -100 100 -150 150 0 nm x0

1 1 e y yes 80 120 -150 150 ỹk nm y0

1 1 e zrot yes -15 15 -Inf Inf 0 ◦ γ

1 1 e variation no 0 nm ε

1 1 e weight no -Inf Inf 0 1 1 w1

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 i innerRadius no 40 nm r

Continued on the next page
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Table 6.9 Continued from previous page

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii Initial valueiv Unit Symbol

LB UB LB UB
1 1 i outerRadius no 60 nm q

1 1 i thickness no 70 nm t

1 2 e x no 0 nm x0

1 2 e y yes -200 0 -200 150 0 nm y0

1 2 e zrot no 0 ◦ γ

1 2 e variation no 0 nm ε

1 2 e weight no -Inf Inf 0 1 1 w1

1 2 e xscale no 0 sx

1 2 e yscale no 0 sy

1 2 i radius no 40 nm r

1 L1 e weight yes -1 1 0 0.99 0 wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
iv A tilde operator represents a median value (e.g., ỹk means the median of yk, or y positions of localizations). Other symbols have the
same meanings as in the main text.

Table 6.10 | Fitting settings used in this study for the reference structure Myo5/Sla2
in yeast.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii Initial valueiv Unit Symbol

LB UB LB UB

1 1 e x yes -30 30 -150 150 0 nm x0

1 1 e y yes 0 120 -150 150 ỹk nm y0

1 1 e zrot yes -25 25 -Inf Inf 0 ◦ γ

1 1 e variation no 0 nm ε

1 1 e weight no -Inf Inf 0.001 0.999 1 w1

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 i innerRadius no 20 nm r

1 1 i outerRadius no 90 nm q

1 1 i thickness no 60 nm t

1 2 e x no 0 nm x0

1 2 e y yes -260 20v -200 150 0 nm y0

1 2 e zrot no 0 ◦ γ

1 2 e variation no 0 nm ε

1 2 e weight no -Inf Inf 0.001 0.999 1 w1

1 2 e xscale no 0 sx

1 2 e yscale no 0 sy

1 2 i radius no 40 nm r

1 L1 e weight yes -1 1 0.001 0.999 0 wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
iv A tilde operator represents a median value (e.g., ỹk means the median of yk, or y positions of localizations). Other symbols have the
same meanings as in the main text.
v The UB of 0 nm was used for the analysis described in Figure 3.23, corresponding to a minimum centroid distance of 15 nm

Clathrin coat The text of this section has been adapted from Mund et al., 2022 and
was originally written by myself. For fitting the clathrin coats in mammalian cells, we
used an hollow spherical cap model (Figure 3.17a). This model was implemented as a
discretized continuous fluorophore distribution. The spherical cap is parameterized
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by the surface area A and closing angle θ, where the radius R =
√
A/2π(1− cosθ).

θ is defined as the angle between the two vectors that point to the pole of the
cap and to the rim, respectively, from the center of the sphere. All parameters are
summarized in Table 6.11.

Table 6.11 | Fitting settings used in this study for clathrin coats in mammalian
cells.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii Initial
valueiv Unit Symbol

LB UB LB UB

1 1 e x yes -70 70 -250 250 x̃k nm x0

1 1 e y yes -70 70 -250 250 ỹk nm y0

1 1 e z yes -70 70 -300 300 z̃k nm z0

1 1 e xrot yes -10 10 -inf inf 0 ◦ α

1 1 e yrot yes -10 10 -inf inf 0 ◦ β

1 1 e zrot no 0 ◦ γ

1 1 e variation yes -inf inf 5 30 20 nm ε

1 1 e weight no 1 w1

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 e zscale no 1 sz

1 1 i surfaceArea no -inf inf 0 20 3 nm2 × 104 A

1 1 i closeAngle no -inf inf -135 135 90 ◦ θ

1 L1 e weight yes -1 1 0.001 0.999 0.1 wbg

2 1 e x yes -30 30 -250 250 inherited nm x0

2 1 e y yes -30 30 -250 250 inherited nm y0

2 1 e z yes -30 30 -300 300 inherited nm z0

2 1 e xrot yes -10 10 -inf inf inherited ◦ α

2 1 e yrot yes -10 10 -inf inf inherited ◦ β

2 1 e zrot no inherited ◦ γ

2 1 e variation yes -inf inf 5 30 inherited nm ε

2 1 e weight no inherited w1

2 1 e xscale no inherited sx

2 1 e yscale no inherited sy

2 1 e zscale no inherited sz

2 1 i surfaceArea no -inf inf 0 20 inherited nm2 × 104 A

2 1 i closeAngle no -inf inf -180 180 inherited ◦ θ

2 L1 e weight yes -1 1 0.001 0.999 inherited wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
iv A tilde operator represents a median value (e.g., ỹk means the median of yk, or y positions of localizations). ‘inherited’ indicates that
a value is inherited from its counterpart estimate in the previous step. Other symbols have the same meanings as in the main text.

Arc structures For fitting the simulated 2D arc particles, we used an arc model
(Figure 4.1a). This model was implemented as a discretized continuous fluorophore
distribution. The structure is defined as a circular arc parameterized by the arc length
a and closing angle θ, where the radius r = a/2θ. θ is defined as the angle between
the two vectors that point to the midpoint of the arc and to the rim, respectively,
from the center of the circle. This model was fitted to the simulated 2D arc particles
in the comparison between LocMoFit and PERPL (Figure 4.1b). All parameters are
summarized in Table 6.12.
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Table 6.12 | LocMoFit fitting settings used in this study for the arc structure.

Step Modeli Parameter
typeii

Internal
parameter

name

Free
parameter

Relativeiii Absoluteiii
Initial valueiv Unit Symbol

LB UB LB UB

1 1 e x yes -300 300 -450 450 x̃k nm x0

1 1 e y yes -300 300 -450 450 ỹk nm y0

1 1 e zrot yes -20 20 -Inf Inf 0 ◦ γ

1 1 e variation yes -inf inf 1 30 20 nm ε

1 1 e weight no 1 w1

1 1 e xscale no 1 sx

1 1 e yscale no 1 sy

1 1 i arcLength yes -inf inf 100 500 100 nm a

1 1 i theta yes -inf inf 0 180 60 nm θ

1 L1 e weight yes -1 1 0.001 0.999 0.01 wbg

i L1 represents layer 1.
ii i and e represent intrinsic and extrinsic parameters, respectively.
iii LB/UB: lower/upper boundaries. Blanks indicate values not applicable.
iv A tilde operator represents a median value. Other symbols have the same meanings as in the main text.

6.2.2.2 Simulations

The simulation parameters are indicated in italics below and summarized in Table
6.13. To generate realistic simulated data, a bright/dark two-state fluorophore model
considering bleaching was used to perform the simulations (Sage et al., 2019). The
workflow started with setting model parameters, which were defined as fixed values
or random variables uniformly distributed within specified ranges. For each simu-
lated particle, all proteins defined in the point model or a specific number of samples
randomly drawn from a PDF with zero extra uncertainty were then assigned as
protein positions. Only a subset of positions was retained according to the proba-
bility plabel of the protein position labeled by the fluorophore to represent the effect
of labeling efficiency. Next, the retained positions were displaced independently
in all dimensions with the displacements defined as random variables of a normal
distribution, of which the variance corresponds to the linkage error. There were two
modes of displacements: the free mode assumed free rotations of fluorophores in
3D between different blinks, and the fixed mode applied the same displacement
across all blinks. Per blink, each label position was fluorescent for a course of time
that was a random variable with an exponential distribution determined by the
user-defined average time tl. Unless it was bleached, each label could be reactivated
with a probability preact according to the user-specified average number of re-blinks.
A random time point was then assigned to each localization. The brightness or
photon count of a fluorophore during the on time was constant. Thus, the brightness
in each frame was the portion of the total brightness divided by the amount of on
time in the unit of frames. The emitted photons of the fluorophore in each frame
were defined as a random Poisson variable, of which the mean value was set to the
average brightness in that frame. To mimic the process of localizing, in each frame,
the localization precision of the localization was assigned as the calculated CRLB
(Cramér-Rao lower bound) in x, y, and z based on the theoretical Gaussian PSF
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(Mortensen et al., 2010) or a bead-calibrated 3D cspline PSF model (Li et al., 2018),
given the number of photons and the background photons. In each dimension, the
corresponding localization precision was then defined as the variance of a normal
distribution, whose random variable was added to the label position to yield a
localization.

Table 6.13 | Simulation parameters.

Parameter Valuei Unit Symbol

Figures 3.4 & 3.5
SMLM property

photon count 5000ii

background 100ii photons/pixel/localization
labelling efficiency 60 percent
re-blinks 2
lifetime 2 frame
linkage error (fixed) 5 nm
EM on false
number of frames 100,000

NPC model parameter
x [-50, 50] nm x0

y [-50, 50] nm y0

z [-50, 50] nm z0

xrot [-15, 15] ◦ α

yrot [-15, 15] ◦ β

zrot [0, 360] ◦ r

variation 0 nm ε

weight 1 w1

xscale 1 sx

yscale 1 sy

zscale 1 sz

ringDistance 50 nm s

radius 53.5 nm r

cornerDegree 12 ◦ ψ

azimuthalShift 8.8 ◦ θ

background weight 0.1 wbg

Simulations in Figures 3.7, 3.9, 3.12, & 4.2
SMLM property

photon count 12,000
background 260 photons/pixel/localization
labelling efficiency 67 percent
re-activation 4.1
lifetime 2 frame
linkage error (free) 3 nm
EM on true
number of frames 100,000

NPC model parameter
x [-50, 50] nm x0

y [-50, 50] nm y0

z [-50, 50] nm z0

xrot [-15, 15] ◦ α

yrot [-15, 15] ◦ β

zrot [0, 360] ◦ r

variation 0 nm ε

weight 1 w1

xscale 1 sx

yscale 1 sy

Continued on the next page
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Table 6.13 Continued from previous page
Parameter Valuei Unit Symbol

zscale 1 sz

ringDistance 50.2 nm s

radius 53.4 nm r

cornerDegree 12 ◦ ψ

azimuthalShift 8.8 ◦ θ

background density 20 µm−2 ρbg

Simulations in Figure 4.1
SMLM property

photon count 9,200
background 170 photons/pixel/localization
labelling efficiency 60 percent
re-activation 2
lifetime 2 frame
linkage error (free) 10 nm
EM on true
number of frames 100,000

Arc model parameter
x [-15, 15] nm x0

y [-15, 15] nm y0

zrot [-15, 15] ◦ r

variation 0 nm ε

weight 1 w1

xscale 1 sx

arcLength a(θ)iii nm a

theta [0, 180] ◦ θ

background density 20 µm−2 ρbg

number of molecules ba/4nme iv

i These values were used unless indicated otherwise.
ii Photon counts for getting different localization precisions (indicated in the parentheses) in Figure 3.4a: 370 (11 nm), 550 8 nm), 920
6 nm), 1,900 4 nm), 6,500 2 nm, 22,300 1 nm), with zero fluorescence background.
iii a (θ) = 0.2πθ × tanh

(
3.76× 10−3πθ

)
derived from the cooperative curvature described in Mund et al., 2022 is the arc length

of the spherical coat cross-section.
iv bxe represents rounding to the nearest integer of the value x.

I then processed the simulated data with the same workflow as for the experimental
data.

6.2.2.3 Reference-based averaging of multi-color data

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

To create the average density map of the nuclear pore complex, in each site only
Nup96 localizations were fitted as described in Paragraph Nup96 in Section 6.2.2.1.
Each site was transformed to the orientation and position of the model so that all
the sites were in the same coordinate system. The averages were reconstructed from
the transformed localizations of all sites.

For the dynamic reconstruction of CME in yeast, all sites were sorted by the fitted
length of the hemi-ellipsoid describing Abp1 localizations. The orientation of each
site was aligned to the direction of the membrane invagination and the estimated
position of the Las17 ring model defined the origin. Each time bin was then created
from the localizations of 21 aligned sites.
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6.2.2.4 Model selection

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

In LocMoFit, we provide the corrected Akaike information criterion (AICC ; Ca-
vanaugh, 1997) as the metric for performing model selection. In general, a model
with more free parameters tends to fit better. Therefore, instead of using the maxi-
mum likelihood L̂ as the metric, AIC = 2P − 2 ln L̂ was suggested for penalizing
the number of free parameters P (Cavanaugh, 1997). In practice, we would like
to choose a model with fewer parameter and yet a larger maximum likelihood.
Therefore, the smallest AIC indicate the best model when fitting the same data.
To avoid overfitting caused by small sample size, the corrected AICC includes an
additional penalty: AICC = AIC + (2P 2 + 2P )/(K − P − 1), where K is sample
size (Cavanaugh, 1997). When K →∞, the additional penalty term approaches zero
so that AICC converges to AIC. In LocMoFit, the sample size K is the number of
localizations. For visual comparison of the AICC , we normalize by the number of
localizations K.

6.2.2.5 Model-free averaging

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

For model-free averaging of Nup96 particles, we generated an initial model from a
subset of particles P1 . . . P50. To this end, we defined the localization coordinates of
each particle as the fluorophore positions of a point model and fitted each model
to all other particles in the 50-particle subset. Prior to that all-against-all pairwise
fitting, we optionally set the initial parameters of positions and rotations according
to the fit with a continuous dual-ring model. This step narrows the search range of
rotations during the pairwise fitting and reduces bright ‘hot spots’ or overlaps of
denser corners enhanced by a wide search range of rotations. Next, based on LL
values acquired by all-against-all pairwise fitting, we then built a similarity matrix
M . Next, we cumulatively fused the particles in the order R of their total similarity:
Each particle P[R=i] was registered to the fused particle T[R=i−1] starting with the
highest-ranked particle T1 = P[R=1]. This initial model T that was used to register
the remaining particles P51 . . . Pk in the k-particle data set. The resulting average T
was then used as the new initial template for the next round of registration. This
step was iterated until convergence and yielded the final average T . See Algorithm
1 for the pseudocode.

6.2.2.6 PERPL analysis

We used PERPL (version 0.1), downloaded from https://bitbucket.org/

apcurd/perpl-python3/src/0.1/. This version was used in the original work

https://bitbucket.org/apcurd/perpl-python3/src/0.1/
https://bitbucket.org/apcurd/perpl-python3/src/0.1/
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Algorithm 1 Model-free averaging

Input: k individual particles P1P2 . . .Pk, each contains localization coordinates
and uncertainties

Output: final average T
// all-against-all pairwise registration among a n-sites subset of particles with
n < k
// k is the total number of particles in the dataset
for each pair {i, j} ∈

{
1 . . . n

}
do

if i 6= j then
// LocMoFit (A,B) represents fitting A to B through LocMoFit
M [i, j]←maximum log-likelihood of LocMoFit (Pi, Pj)

else
M [i, j]← 0

vector R← rank(rowsum(M))

// forming the first data-driven template
T ← P [R=1] // taking the particle with the highest total similarity as the seed
for i = 2 . . .n do

P ′ ← P[R=i] registered to T through LocMoFit
(
T ,P[R=i]

)
T ← P ′ ∪ T

// iterative optimization of the average particle until no further improvement
// the optimization stops when J unimproved iterations reached
S ← −inf // initializing the current best score S

T̃ ← T // use the current T as the initial template for the iterative registrations
repeat

for i = 1 . . .k do
Li ←maximum log-likelihood of LocMoFit

(
T̃ ,P i

)
P ′i ← P i registered registered to T through LocMoFit

(
T̃ ,P i

)
S̃ ← sum (L1 . . .Lk) // the current score
T̃ ← P ′

1 ∪ P ′
2 . . .P

′
k // T̃ is the template

if S̃ > S then // if there is an improvement
T ← T̃ // T is the current best average
S ← S̃
j ← 0

else// if there is no improvement
j ← j + 1

until J = J // stops when no improvement for J consecutive times
return T as the final average
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of PERPL (Curd et al., 2021). In PERPL, we implemented the geometric models of
the arc structure and the 3D NPC model with the exact same parameterizations
(covering all intrinsic parameters) as in LocMoFit. The model RPDs (relative posi-
tion distributions) were derived from the model in the original work (Curd et al.,
2021) for describing the Nup107 distribution in the xy plane. Therefore, the PERPL
fitting models include three inherited terms for localization precision, unresolvable
substructure, and background, respectively.

To ensure a fair comparison with LocMoFit, the settings for boundaries and initial
values of the intrinsic parameters (see Table 6.5 and Table 6.12) were the same in
both softwares. The maximum pairwise distance for PERPL were set to 450 nm for
the 2D arc structures and 250 nm for the 3D NPCs). PERPL assumes a linear RPD
for the background, which is only fulfilled for large ROIs. To reduce the edge effect,
we exported the single particles for PERPL within a sufficiently large ROI (1,800 nm
× 1,800 nm for the arc and 1,000 nm × 1,000 nm × 250 nm for the NPC structures).
We performed LocMoFit fitting on the same ROIs. Analysis on smaller ROI sizes
lead to qualitatively similar results (data not shown).

6.2.3 Sample preparation

6.2.3.1 Preparation of coverslips

Round glass coverslips (24 mm) were left in the stirring mixture of methanol and
hydrochloric (1:1 in volume) acid overnight. Next, they were rinsed with ddH2O a
few times. After a neutral pH of the washing solution can be retained, they were
then dried in a laminar flow hood overnight. Then the cleaning was finalized by
exposing the coverslips to ultraviolet irradiation for 30 min.

For yeast samples, the following steps were included. First, the coverslips underwent
5–10 min plasma clean. 20 µL ConA solution was dropped onto each coverslip before
spreading out by a pipette tip. The coverslips were then incubated in a humidified
atmosphere for 30 min. Next, after the residual liquid was removed, the coverslips
were dried at 37 °C overnight. The coverslips were rinsed with ddH2O a few times
to remove the remaining salts just before the experiment.

6.2.3.2 Cell culture

The U2OS and SK-MEL-2 cells were cultured in the corresponding medium at 37 °C
under adherent conditions and a 100 % humid atmosphere with 5 % CO2. Cells
were passaged using Tryp-LE for dissociation when they reached 70–80 percent
confluency.

6.2.3.3 Sample seeding

Two days before fixation, cells were seeded on a clean glass coverslip to reach a
confluence of about 50–70 % on the day of fixation. Then, the cells were grown in
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growth medium at 37 °C and 5 % CO2 for approximately two days. Prior to the
experiment, the growth medium was aspirated and dead cells and debris were
removed from the samples by two rinses with PBS.

6.2.3.4 Preparation of NPC samples

Single-color imaging Coverslips with Nup96-SNAP-tag cells seeded on were
cleaned by two rinses with warm PBS. The sample was pre-fixed in FA fixation solu-
tion for 40 s before a 3 min permeabilization in permeabilization solution. Complete
fixation was performed in FA fixation solution for 30 min followed by 3 times of
5 min wash in PBS. Next, the sample was incubated in Image-iT FX Signal Enhancer
for 30 min. Staining was carried out in 100 µL SNAP-tag staining solution for 2 h at
room temperature. Coverslips were washed three times for 5 min in PBS to remove
unbound dye. The sample was ready for imaging at this stage.

Dual-color imaging For imaging with immunostaining, following the previous
steps, samples were blocked in blocking buffer for 1 h. The coverslips were then
incubated in antibody dilution buffer containing the corresponding primary anti-
body for 1 h. After 3 times 5 min washes with PBS to remove unbound antibody, the
coverslips were incubated for 1 h in antibody dilution buffer containing 1:150 diluted
secondary antibody. After three 5 min washes in PBS, the sample was post-fixed for
30 min in FA fixation solution. The sample was then rinsed with PBS before being
quenched in quenching solution for 5 min, followed by three 5 min washes in PBS.
The sample was ready for imaging at this stage.

For imaging with WGA staining, the above-mentioned fixation, permeabilization,
and stating were first applied. Subsequently, the sample was incubated in WGA
staining buffer for 10 min. The sample was ready for imaging at this stage.

Before imaging, the samples were mounted on a customized sample holder and
kept in the imaging buffer. Parafilm was then used to seal the holder.

6.2.3.5 Preparation of clathrin samples

The SK-MEL-2 cells were fixed in FA fixation solution for 20 min, followed by an
incubation with the quenching solution for 7 min. After three times of wash with
PBS, the sample was incubated with the digitonin permeabilization solution for
30 min. The sample was washed 3 times for 5 min each with PBS to remove unbound
antibody prior to staining with 1:150 diluted secondary antibody in antibody di-
lution buffer for 1 h. After two times brief washes with PBS, the sample was then
incubated in the blocking buffer for 1 h. The sample was briefly washed with PBS
before the binding of the primary antibodies was achieved by incubation with the
anti-clathrin light chain and anti-clathrin heavy chain rabbit polyclonal antibodies
diluted in antibody dilution buffer for 3–12 h. The sample was washed 3 times with
PBS for 5 min each to remove unbound antibody prior to staining with a secondary
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donkey anti-rabbit antibody that was conjugated to Alexa Fluor 647–NHS (average
degree of labeling: 1.5) in antibody dilution buffer for 3–4 h. After three 5 min washes
in PBS, the sample was mounted in blinking buffer for imaging.

6.2.3.6 Yeast sample preparation

Yeast cells from a single colony on a plate were inoculated into 10 mL YPAD in an
Erlenmeyer flask. The flask was then incubated at 30 °C with shaking overnight.
The next morning, the overnight culture was diluted in a new glass flask to have
an OD600 of 0.25 in 10 mL YPAD. The cells were further grown at 30 °C to reach an
OD600 of 0.6–1.0 , which usually took 3 h. At this stage, 2 mL of the culture were
then transferred and centrifuged at 500 rcf. for 3 min to collect cells for sample
preparation. During incubation in the following steps, the sample was protected
from light. The cell pellet was resuspended in 100–150 mL YPAD, and pipetted onto
a ConA-coated coverslip. After incubation for 15 min in a humidified atmosphere
to allow a settling of the cells, the residual YPAD was removed from the coverslip.
After incubation with gentle orbital shaking for 15 min in the freshly prepared
fixation solution, the sample was then incubated in quenching solution twice for
15 min each. The coverslip was incubated for 5 min with gentle orbital shaking in
PBS, followed by an incubation in the permeabilization solution for 30 min. After
twice incubation with gentle orbital shaking for 5 min each in PBS, the sample was
incubated for 90 min in SNAP-tag staining solution (coverslip upside-down on a
drop of the solution). After 3 times of incubation for 5 min each with gentle orbital
shaking in PBS, the sample was ready for sample mounting.

6.2.4 Microscopy

6.2.4.1 Microscope setup

Microscope 1 (M1) The custom-built microscope M1 has a commercial laser box
(iChrome MLE, Toptica, Gräfelfing) containing 405 nm, 561 nm, and 640 nm lasers
plus a 640 nm booster laser (Toptica). All lasers were coupled via single-mode fiber,
whose output was collimated before its focus on the BFP of the TIRF objective
(60×/NA 1.49, Nikon), followed by an adjustment for epi illumination. The fluo-
rescence emission(s) was then filtered by a corresponding bandpass filter(s) before
being imaged on the EMCCD camera (iXON Ultra, Andor).

Microscope 2 (M2) This microscope setup was published in Deschamps et al., 2016
and also described in Mund et al., 2018 previously. The custome-built microscope
M2 has a commercial laser box (iChrome MLE, Toptica, Gräfelfing) containing Luxx
405 nm, 488 nm, and 638 nm and Cobolt 561 nm lasers plus a 640 nm booster laser
(iBeam Smart, Toptica). The free output from the box was collimated and guided
through a speckle reducer (LSR-3005-17S-VIS; Optotune, Dietikon, Switzerland)
before being coupled into a 2 m long multi-mode fiber (catalog no. M105L02S-A,
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Thorlabs) that was coiled to additionally mix the laser modes. The fiber output
was then magnified by an achromatic lens and filtered by a laser clean-up filter
(390/482/563/640 HC Quad; AHF, Tübingen, Germany) to remove fiber generated
fluorescence. The cleaned-up beam was reflected into a high NA oil immersion
objective (HCX PL APO 160×/1.43 NA, Leica) by a dichroic mirror (TIRF Quad
Line Beamsplitter, zt405/488/561/640rpc, Chroma, Bellows Falls, VT, USA) before
being focused into the sample. This allows for a homogeneous illumination of an
area of about 1,000 µm2. Emitted fluorescence was collected through the objective,
filtered by a corresponding band pass filter before being imaged onto an Evolve512D
EMCCD camera (Photometrics). The z-focus was stabilized through closed-loop
feedback with the piezo objective positioner (Physik Instrumente) based on the
signal of an a quadrant photodiode detecting the infrared laser totally internally
reflected off the coverslip. This feedback system ensured z-focus stability over hours,
in the range of ±10 nm. A field-programmable gate array (Mojo, Embedded Micro)
was used to perform laser control, focus stabilization, and movement of filters.
The microscope was controlled by µManager (Edelstein et al., 2014) via the Easier
Micro-Manager User interface (EMU; Deschamps and Ries, 2020).

6.2.4.2 Single-color SMLM

In this work, single-color SMLM on M2 (see Paragraph Microscope 2 (M2)) were
performed on samples with the fluorophore AF647. Either a 676/37 or 700/100
bandpass filter (AHF, Tübingen, Germany) was placed to filter the fluorescence
emission before it was imaged onto the EMCCD camera. To maintain a predefined
number of localizations per frame, the 405 nm laser (intensity≈28Wcm−2) was used
with a pulse length controlled by a feedback algorithm throughout the acquisition.
Acquisition parameters were set per sample as followed.

NPC samples The text of this paragraph has been adapted from Wu et al., 2021
and was originally written by myself. About 100,000 frames were acquired with a
frame rate of 10 Hz and the laser intensity of ≈ 6Wcm−2. The choice of the slower
frame rate and lower laser intensity was for a balance between localization precision
and imaging time (Diekmann et al., 2020).

Clathrin samples The text of this paragraph has been adapted from Wu et al., 2021
and was originally written by myself. 100,000–300,000 frames were acquired with a
frame time of 15 ms or 30 ms and the laser intensity of ≈ 15Wcm−2.

Samples were mounted and imaged until almost all fluorophores were bleached
and no further localizations were detected under continuous UV irradiation.
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6.2.4.3 Ratiometric dual-color SMLM

In this work, the pair of AF647 and CF680 was used for ratiometric dual-color
imaging. With a 665LP dichroic mirror (catalog no. ET665lp, Chroma), the emitted
fluorescence was split into two beams. The transmitted light was filtered by a 685/70
(catalog no. ET685/70m, Chroma) bandpass filter and the reflected light by a 676/37
(catalog no. FF01-676/37-25, Semrock) bandpass filter. The two beams were then
imaged on two different regions of the same EMCCD camera. Colors were assigned
to individual localizations based on their calculated ratio of intensities in the two
channels.

6.2.4.4 Dual-color SMLM in yeast

The dual-color imaging of yeast samples were achieved based on spectrally sepa-
rated fluorophores AF647 and mMaple. The data were acquired on M1 (see Para-
graph Microscope 1 (M1)). A dichroic mirror (640LP, ZT640rdc, Chroma) was used to
split the emitted fluorescence, after it was constricted laterally by a slit. The trans-
mitted light (AF647) was filtered by a 676/37 (catalog no. FF01-676/37-25, Semrock)
bandpass filter and the reflected light (mMaple) by a 600/60 (catalog no. NC458462,
Chroma) bandpass filter. The two beams were then imaged on two different regions
of the same EMCCD camera (iXON Ultra, Andor). The stabilization of z-focus was
achieved as described in Section 6.2.4.1. Each camera frame was acquired with a
frame rate of 30 ms. Colors were assigned to individual localizations based on their
channels. The localizations acquired in the channel of AF647 were transformed
into the region of mMaple according to the calibration determined using beads
(TetraSpeck) that have fluorescent signals in the two channels.

6.2.4.5 Automated high-throughput SMLM

This workflow has been developed by Joran Deschamps and Markus Mund in
our lab and was described previously in Deschamps, 2017; Mund et al., 2018; De-
schamps and Ries, 2020. Briefly, a list of stage positions (see Paragraphs Positions for
mammalian samples and Positions for yeast samples) were supplied, and the positions
therein were imaged subsequently. At each position, the imaging was performed
automatically according to pre-defined steps. The first step was the positioning of
the stage to center the pre-defined position to the illumination area. The next step
was the acquisition of the camera frames of the fluorescence emitters according
to the acquisition parameters described above in Sections Single-color SMLM and
Dual-color SMLM in yeast. Here, the acquisition ended differently when it reached
the maximum number of frames or 5 s after the 405 nm laser reached a pre-defined
maximal pulse length. The last step was the acquisition of a BFP (back focal plane)
image. A buffering time of 3 s was defined for applying the change of hardware (e.g.,
moving filters & lenses) in the microscope or for the equilibration of the stage.
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Positions for mammalian samples For mammalian samples, individual regions
of interest were searched for in live mode and the positions were saved in the Stage
Position List of µManager.

Positions for yeast samples For yeast samples, an automatically generated grid
could be applied because the yeast cells formed a dense layer on the coverslip.
The individual grid positions had a 200 µm spacing between each other to avoid
pre-activation and pre-bleaching by scattered laser light.

6.2.5 Data processing

6.2.5.1 3D bead calibration

A dilution of Tetra-Speck beads (catalog no. T7279, Thermo Fisher) were prepared
by mixing 0.75 µL from stock with 360 µL dH2O, followed by mixing with 40 µL
1 M MgCl2. The mixture was then placed on a coverslip for 10 min in a custom-
made sample holder. After removing the mixture, 400 µL dH2O was placed on the
coverslip. ~20 positions on the coverslip were marked and imaged to acquire z-
stacks of beads (−1 to 1 µm, 10 nm step size), controlled by Micro-Manager. Note
that the used filters have to be the same as for the specimens to be imaged.

6.2.5.2 Fitting and post-processing

For each localization, the PSF size, position, photon counts, and background were
defined as free-fitting parameters of a PSF model and acquired by model fitting
using maximum likelihood estimation (Li et al., 2018). The used PSF model was a
symmetric Gaussian PSF model for 2D data and an experimentally derived PSF
model for 3D data (Li et al., 2019). Multiple yielded localizations were then grouped
into one if they were persistent over continuous frames (a gap of one dark frame
is allowed) and were no more than 35 nm away from each other. For each grouped
localization, its position was defined as the weighted average of x, y and z positions
of the composite localizations, and its photon count and the background were
calculated by summing that of the composite localizations. Next, a custom drift
correction based on redundant cross-correlation was applied to correct the drifts in
x, y, and z, with an estimated accuracy better than 1.5 nm in x and y and 2 nm in z,
according to the spread of the redundant displacements.

Finally, bad fits and localizations far away from the focal plane were excluded based
on the following filtering (the text of the following paragraphs has been adapted
from Wu et al., 2021 and was originally written by myself):

3D data of Nup96 lateral localization precision: [0, 5] nm, z position: the range of
the nuclear envelope, log-likelihood: exclusion of the left tail of the distribution, and
frames: exclusion of the first and last 1,000 frames.
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3D data of microtubules lateral localization precision: [0, 5] nm, and frames:
[30, 000, 90, 000] frames for efficiency.

3D dual-color data of NPCs lateral localization precision: [0, 10] nm for Nup96
and [0, 5] nm for target proteins, z position: the range of the nuclear envelope, log-
likelihood: exclusion of the left tail of the distribution, and frames: exclusion of the
first and last 1,000 frames.

2D dual-color data of endocytic sites in yeast localization precision: [0, 25] nm
for the mMaple channel; [0, 15] nm for the AF647 channel, PSF size: [0, 175] nm, and
frames: exclusion of the first and last ~20,000 frames.

6.2.5.3 Segmentation of sites

Segmentation of the single NPCs All steps were performed in the ROIManager
of SMAP. Rendered images of the cells were convolved with a kernel, a Gaussian
convolved ring with a radius approximating that of the NPC. Candidate nuclear
pores were then identified by local maxima above a certain threshold. Localizations
of each candidate pore were fitted with a circle, with only localizations distributed in
the range of [40, 70]nm from the center were included in the fit. The ROI containing
the pore was then centered to the origin of a refitted circle with a fixed radius. To
remove potentially non-NPC structures or adjacent wrongly segmented NPCs, two
zones were defined: 1) within 40 nm from the center and 2) more than 70 nm away
from the center. Pores with more than 25 % of localizations in zone 1 or 40 % in zone
2 were rejected. Last, only pores with at least 30 localizations were kept to make
sure that the underlying structure is sufficiently sampled.

Segmentation of microtubule segments All steps were performed in the ROIMan-
ager of SMAP. In the cells, regions that contain long non-overlapping segments of
microtubules were first picked. The segments were then centered within a circular
ROI with a radius of 500 nm, which ensured that the segments were at least one
micrometer long. When multiple microtubules were present in a ROI, the segment
of interest was further retained in a manually drawn polygon mask.

Manual segmentation of endocytic sites All steps were performed in the
ROIManager of SMAP. First, in each file, yeast cells with obvious endocytic sites
were picked. In the cells, single endocytic sites were then picked manually, followed
by a manual rotation to ensure an upward pointing axis of invagination.

Automatic segmentation of endocytic sites This workflow is one of the main
results of this work and has been described in Section 3.7.2.3 and Figure 3.21.
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6.2.5.4 Correction of depth-dependent distortions

The text of this section has been adapted from Wu et al., 2021 and was originally
written by myself.

We observed a depth-dependent distortion of the NPC along the z-axis, as reported
previously (Li et al., 2019). The distortion is reflected by the depth-dependent ring
separations s of NPCs (Figure 3.8). As we previously measured the precise ring
separation for Nup96 (Thevathasan et al., 2019), we used it as the standard to correct
the distortion. By definition, the ring separation is the distance between the two
rings of one NPC so that s = |~xr1 − ~xr2|, where ~xr1 and ~xr2 are the center positions
of the two rings. As the orientation of an NPC is not necessary perpendicular to the
xy plane, we measured the tilt angle in radian of an NPC from the z-axis as ψ =

tan−1
((

1−R2
3,3

)1/2
/R3,3

)
where R is defined by Equation 6.3. We used this angle

to derive the vertical component of the separation as sz = s cosψ = zr1 − zr2. We
also calculated the expected sz as E(sz) = E(s) cosψ, with E(s) defined as 49.3 nm,
the previously determined average separation of the Nup96 rings (Thevathasan
et al., 2019). With these values, we could calculate a scaling factor for each NPC
E (sz) = E (sz) /sz . We found that the moving median of sz along the z-axis appeared
as a quadratic-like curve. We then fitted a quadratic function sz = c1z

2 + c2z + c3

to the data. Given that the correction factor represents the change of the expected z
position over the change of measured z position, sf (z) ≈ ∂E(z)/∂z. We then defined
z0 which makes sf (z) = 1, as the origin of distortion. The expected or undistorted z
position can then be acquired as E(z) =

∫
Sf (z) with E(z0) = z0. The corrected z

position of each localization k was then defined as z′k = E (zk)−E(0) for keeping
the focal point zero. This correction was applied to all the NPC data sets before
further quantifications.
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LATEX

I composed this thesis with Overleaf, and used a custom document structure based
on the ’Masters/Doctoral Thesis’ LATEXtemplate (www.latextemplates.com, authors
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