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SUMMARY

High-resolution microscopy techniques, such as Single-Molecule Localization Microscopy
(SMLM) and Cryogenic Electron Microscopy (Cryo-EM), can utilize particle fusion or av-
eraging to reconstruct a macromolecular structure of increased signal-to-noise ratio and
of potentially higher resolution. This process assumes that all fused particles are struc-
turally equal. Structural heterogeneity, however, is often present due to biological varia-
tions and should not be ignored. In particularly continuous and subtle conformational
changes present in the data lead to undesired blurring of the reconstruction. This thesis
develops methods to detect continuous structural heterogeneity and to exploit it for more
faithful reconstructions, enabling more accurate interpretations and insights into molec-
ular structures.

In Chapter 2, we propose a method to detect continuous structural heterogeneity in
SMLM datasets based on an all-to-all pairwise comparison of the found structures. The
method is applied to both experimental and simulated data, where continuous variations
such as the height of 3D DNA origami tetrahedrons and the radius of 2D Nuclear Pore
Complexes (NPCs) are detected. The chapter highlights how accounting for these struc-
tural variations leads to more reliable particle fusion and reconstruction.

In Chapter 3, we propose a Point Cloud Variational Auto-Encoder (PCVAE) that op-
erates directly on 2D and 3D localization data to detect structural heterogeneity. Unlike
common neural networks that rely on pixelated images, our method utilizes raw localiza-
tion coordinates. This not only reduces the required memory but also has low compu-
tational complexity and thus allows scalability to many structures. In contrast to multi-
dimensional scaling approaches, where the computational complexity scales quadrati-
cally, here it remains linear with the number of particles. Our method is capable of iden-
tifying multiple modes of variation and reveals nanometer-scale changes such as radius
and height variations in both simulated and experimental datasets.

In Chapter 4, we propose a method to detect continuous structural heterogeneity in
Cryo-EM datasets. Recent approaches rely on machine learning models that often require
large training datasets and careful tuning of hyperparameters. In contrast, our method
detects underlying continuous variations in 2D projections by pairwise comparison of im-
ages within orientation classes. The approach reconstructs intermediate conformational
states representing the continuous structural heterogeneity in synthetic SARS-CoV-2 spike
protein data, simulated under ideal conditions. More realistic simulations, incorporating
varying defocus per particle and radiation damage, do not lead to the same favourable
results, still posing a challenge for future research.

ix






SAMENVATTING

Hoge-resolutiemicroscopietechnieken, zoals enkel molecule lokalisatiemicroscopie (SMLM)
en cryogene elektronenmicroscopie (Cryo-EM), kunnen deeltjesfusie of -middeling ge-
bruiken om een macromoleculaire structuur met grotere signaal-ruisverhouding en een
potentieel hogere resolutie te reconstrueren. Dit proces veronderstelt dat alle gefuseerde
deeltjes structureel gelijk zijn. Structurele heterogeniteit is echter vaak aanwezig als gevolg
van biologische variaties en mag niet worden genegeerd. Vooral continue en subtiele con-
formatieveranderingen in de data leiden tot ongewenste vervaging van de reconstructie.
Dit proefschrift ontwikkelt methoden om continue structurele heterogeniteit te detecte-
ren en te benutten voor getrouwere reconstructies, wat nauwkeurigere interpretaties en
inzichten in moleculaire structuren mogelijk maakt.

In hoofdstuk 2 stellen we een methode voor om continue structurele heterogeniteit
in SMLM datasets te detecteren op basis van een paarsgewijze vergelijking van de gevon-
den structuren over alle mogelijke paren. De methode wordt toegepast op zowel experi-
mentele als gesimuleerde data, waarbij continue variaties zoals de hoogte van 3D DNA-
origami-tetraéders en de straal van 2D nucleaire poriecomplexen (NPC’s) worden gede-
tecteerd. Dit hoofdstuk belicht hoe het in aanmerking nemen van deze structurele varia-
ties leidt tot betrouwbaardere deeltjesfusie en reconstructie.

In hoofdstuk 3 stellen we een puntwolk gebaseerde variationele auto-encoder (PCVAE)
voor die direct op 2D en 3D localisatiedata werkt om structurele heterogeniteit te detec-
teren. In tegenstelling tot gangbare neurale netwerken die afthankelijk zijn van gepixe-
leerde afbeeldingen, maakt onze methode gebruik van ruwe localisatiecoordinaten. Dit
vermindert niet alleen het benodigde computergeheugen, maar heeft ook een lage reken-
complexiteit en maakt schaalbaarheid naar vele structuren mogelijk. In tegenstelling tot
multidimensionale schaalmethoden, waarbij de rekencomplexiteit kwadratisch schaalt,
blijft deze hier lineair met het aantal deeltjes. Onze methode is in staat om meerdere vari-
atiemodi te identificeren en toont veranderingen op nanometerschaal aan, zoals variaties
in straal en hoogte, in zowel gesimuleerde als experimentele datasets.

In hoofdstuk 4 stellen we een methode voor om continue structurele heterogeniteit
in Cryo-EM datasets te detecteren. Recente methoden zijn gebaseerd op kunstmatige in-
telligentie modellen die vaak grote trainingsdatasets en zorgvuldige afstemming van hy-
perparameters vereisen. Onze methode daarentegen detecteert onderliggende continue
variaties in 2D-projecties door paarsgewijze vergelijking van beelden binnen oriéntatie-
klassen. De aanpak reconstrueert tussenliggende conformationele toestanden die de con-
tinue structurele heterogeniteit in synthetische SARS-CoV-2 spike-eiwitdata, gesimuleerd
onder ideale omstandigheden, vertegenwoordigen. Realistischere simulaties, met varié-
rende defocus per deeltje en stralingsschade, leiden niet tot dezelfde gunstige resultaten,
wat nog steeds een uitdaging vormt voor toekomstig onderzoek.
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2 1. INTRODUCTION

1.1. FLUORESCENCE MICROSCOPY

Fluorescence microscopy is an imaging technique for studying structures of interest in the
sub-micron scale, making use of fluorescence to highlight these structures [1, 2]. Absorp-
tion of light by a fluorescent molecule causes an electron in the ground state to move to
an excited state. Typically within nanoseconds, the excited electron returns to its ground
state, causing emission of a photon. The emitted photon has a longer wavelength than
the absorbed photon due to loss of energy to vibrations and rotations of the molecule, a
phenomenon known as the Stokes shift [3]. Fluorescent molecules, fluorophores, can be
selectively attached to a structure of interest by, e.g. an antibody. This labeling provides
the specificity to fluorescence microscopy that makes the application of the technique so
widespread in biology. Despite this major asset of fluorescence microscopy the technique
also has a major drawback, namely the resolution of a conventional fluorescence micro-
scope is limited to a few hundred nanometers. This diffraction limit to resolution was
first derived in 1873 by Ernst Abbe [4] as the inverse of the spatial frequency cut-off of the
optical imaging system:

d=——7:, (1.1)

Objective lens

> NA=nsina

Slide i

I ~ |

Figure 1.1: Diagram of excitation and emission process in epi-fluorescence microscopy.
The numerical aperture is determined by the refractive index (n) of the immersion medium
(here air n = 1) of the objective and half of the maximum acceptance angle of light entering
the objective lens.

where A is the wavelength of the fluorescent light, which is typically in the visible re-
gion between 400 to 700 nm, and NA is the numerical aperture of the objective lens (about
1.4 for high immersion NA objectives) as shown in figure 1.1. This limit was a barrier to
study nanoscale structures before the invention of super-resolution microscopy.
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1.2. SUPER-RESOLUTION MICROSCOPY

Super-resolution microscopy (SRM) bypasses the diffraction limit and includes a wide
range of strategies based on different physical principles [5]. The resolution of SRM mi-
croscopes can be a hundred-fold better than the resolution of conventional microscopes,
and biological discoveries have been made, for instance the mapping of intricate neuronal
networks [6]. It also plays a role in virology by enabling detailed imaging of virus-host [7]
interactions as well as in cancer research for analyzing tumor micro-environments at the
molecular level [8].

The field of super-resolution microscopy comprises of various distinct strategies. For
example, Stimulated Emission Depletion (STED) microscopy [9, 10] is a widely used tech-
nique that employs both excitation and depletion beams to illuminate samples. In this
method, the excitation beam activates the fluorophores, while a doughnut-shaped deple-
tion beam deactivates them. This combination results in a significantly narrower fluo-
rescence emission area, which improves resolution. As a result, the super-resolved im-
ages are formed from the fluorescence received from the center of the excitation focus.
Photo-Activated Localization Microscopy (PALM) [11] or Fluorescence Photo-Activation
Microscopy (FPALM) [12] and STochastic Optical Reconstruction Microscopy (STORM)
[13] are super-resolution techniques that achieve high-resolution by capturing images of
stochastically different subsets of active fluorescent molecules in successive time frames.
In figure 1.2, the principles of these methods are depicted along with an example im-
age for each technique. Expansion Microscopy (ExM) [14, 15] achieves higher resolution
by embedding specimens in a polymer gel matrix and subsequently physically expand-
ing them followed by imaging of the expanded sample with a conventional microscope,
thereby improving the effective spatial resolution.

1.2.1. RESOLUTION ASSESSMENT IN SUPER-RESOLUTION MICROSCOPY

In the context of super-resolution microscopy, Fourier Ring Correlation (FRC) [17, 18] is
commonly used to measure the image resolution. FRC quantifies the resolution of mi-
croscopy images by analyzing the similarity between two noise independent spatial fre-
quency components of the image, and can be applied to various imaging modalities. It
involves computing the correlation of concentric rings in the Fourier transform of the two
image halves. FRC provides a resolution estimate based on the frequency at which the cor-
relation drops below a threshold, indicating the spatial detail that is reliably discernible.
Another method of assessing resolution is the spectral signal-to-noise ratio (SSNR) [19],
which evaluates the ratio of true signal to noise across different spatial frequencies, pro-
viding a comprehensive measure of image quality and resolution.

1.3. SINGLE MOLECULE LOCALIZATION MICROSCOPY

Among the super-resolution techniques, single molecule localization microscopy (SMLM)
is accessible to a broad community of researchers due to its ease in implementation. It
reaches sub-diffraction limit resolution by making use of blinking fluorophores, i.e. by
stochastically turning the emission light on and off. The family of SMLM techniques in-
cludes a plethora of acronyms such as PALM [11], STORM [13], dSTORM [20], and DNA-
PAINT [21]. Figure 1.3 shows the principle of SMLM. As opposed to standard digital mi-
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Figure 1.2: Super-resolution microscopy. The upper panel depicts the principles of SRM
techniques. The lower panel shows confocal and super-resolution images of fluorescent pro-
tein labeled microtubules in living cells, confocal and STED microscopy of mCitrine-tubulin
in a living PtK2 cell and STORM/PALM/FPALM of mEos2-tubulin in a living Drosophila S2
cell. The scale bar in both figures is 2 um. Image from ref. [16].

croscopy imaging that produces 2D pixel or 3D voxel grid data, SMLM produces 2D or
3D point cloud data, with associated uncertainties in each dimension. The acquisition
of such images involves time series of frames. In each frame the emitted light from the
stochastically activated fluorophores is collected using highly sensitive cameras, such as
EM-CCD or sCMOS cameras, which are capable of detecting single-photon events. The
emission spots are captured with a frame rate of typically 10 Hz to 100 Hz. In total the
number of acquired frames can be anywhere from 10° to 10°. The total acquisition time
of recording the frames can thus span from seconds to several hours. The obtained reso-
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lutions are typically around 20 nm laterally and 50 nm axially [11].

1.3.1. SMLM DATA PROCESSING PIPELINE

SMLM raw data consist of a stack of frames recorded in the imaging experiment. In each
frame, a fraction of the fluorophores is in the on-state while the other fluorophores are
in the off-state. In conventional light microscopy the result of imaging is a directly inter-
pretable (camera) image, but in SMLM this is not the case. To reconstruct a final image
from SMLM data, a series of image processing steps is applied which can be divided in the
following steps:

SMLM T

Repeat :
Imaging I Localize { Localize) | nT‘E]mes tr—"“.:;
£ \ 7 ¥ T
—>a—> >R@>T H>S L
Underlying - \ .
Structure l Frame 1% \ Frame 2 vir Framen Super-resolution Image
R R W T IR e S R T - {Point Cloud)
T \_ Localization
e
Q&, 2D Gaussian Fit
Wide-field

Fluorescence Imaging

‘ PSF of Activated Fluorescent Molecule

Single Molecule Localization

Figure 1.3: Schematic of Single-Molecule Localization Microscopy. Imaging the yellow
circle labeled with fluorophores with wide field microscopy will result in a blurry image due
to the diffraction limit. In SMLM, however, fluorophores are stochastically turned on and
off resulting in sparse images. After fitting a Point Spread Function (PSF) model, often a
Gaussian, to each observed spot the position of each fluorophore is estimated. These local-
izations are then plotted to create a super resolved SMLM image. Image from ref. [22].

Segmentation

The process of distinguishing individual molecular signals from the background is called
segmentation. This initial step in the analysis involves detecting regions that may con-
tain signals from single molecules per time frame. This crucial first detection is particu-
larly challenging in scenarios where the fluorescence signal is weak, or there is significant
background. A key part of this detection process is defining the Region of Interest (ROI),
which must be specified in terms of pixel size. The size of the ROl is critical as it deter-
mines the area over which the signal is analyzed. The back projected pixel size should
be chosen based on the Nyquist sampling criterion, ensuring that the sampling rate is
sufficient to reconstruct the signal without aliasing. The ROI can be as small as 7 pixels
squared for standard 2D SMLM experiments. Filtering the fluorescent molecule signals
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can be performed by using simple thresholding methods, or a set of advance probabilistic
techniques [13, 23] and machine learning approaches [24].

Localization
In the localization step, the aim is to accurately and precisely determine the position of the
fluorescent molecule in each region of interest (ROI). In other words, the data are trans-
formed from images to a list of coordinates (and other parameters such as background
and photon count) plus uncertainty. Localization can be performed for both 2D and 3D
imaging. 3D imaging techniques, such as astigmatic imaging introduces astigmatism in
the optical path causing the PSF to elongate differently in the two in-plane directions de-
pending on the axial position to capture images at different depths. In advanced models,
further information such as the orientation of the fluorescent molecule and aberration
can be estimated by using physical models of the PSF [25]. For such more complex imag-
ing modalities the ROI can be as big as several tens of pixels squared in order to accom-
modate the complicated spot shapes that are generated on the camera. Maximum likeli-
hood estimation (MLE) [26] and least squares (LS) fitting of a PSF model [27] to the ROIs
represent the most efficient and commonly used methods for localization. Localization
algorithms are inherently subject to errors due to noise, consisting of both random and
systematic components as characterized by variance and bias, respectively, quantifying
precision and accuracy [28]. The theoretical precision of an unbiased algorithm is lim-
ited by the Cramer-Rao Lower Bound (CRLB), which depends on the signal-to-noise ratio
(SNR). The CRLB is given by:
OpSF
Oloc = VN, (1.2)

where 0y, represents the standard deviation of the estimated coordinates, opsr de-
notes the sigma of the Gaussian fit to the PSE and N is the number of photons collected
by the camera. Typical values of opsp are around 100 nm and N ranges from 10? to 10%,
resulting in predicted precision limits between 1 and 10 nm. However, this simplified for-
mula does not account for additional factors, mostly the background, but also factors such
as the non-Gaussian shape of the PSE read and amplification noise, finite pixel size, and
dipole orientation, all of which can degrade the achievable precision.

Filtering

The quality of localizations in SMLM is often compromised by various factors such as aut-
ofluorescence signals, out-of-focus sources, and overlapping emissions from nearby emit-
ters. Such issues lead to erroneous localizations. Filtering these out is important for en-
hancing the final SMLM image reconstruction. Filtering can be performed by evaluating
multiple parameters; for instance, low photon count, background level, or poor quality
of fit can indicate faulty localizations that need to be discarded. Additionally, evaluat-
ing the temporal correlation of localizations of the same fluorophore across consecutive
frames within a given neighborhood helps identify and remove inaccurate localizations.
This multi-parameter approach ensures a more robust and accurate filtering process, ul-
timately leading to higher quality SMLM images [29].

Drift correction
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An SMLM measurement needs a large number of image frames to localize all molecules
and therefore takes considerable imaging time, up to even a few hours in some modalities
like DNA-PAINT. Therefore, sample drift becomes a problem and cannot be neglected.
Drift correction can be performed using fiducial markers, which are tracked continuously
throughout the experiment [30] and can thus be used to correct for the moving sample
based on their positions. Dai et al. [31] recently used synthetic nano-structures, e.g. grid
patterns instead of beads achieving drift correction down to about 1 nm. Data analysis ap-
proaches such as (redundant) cross-correlation between blocks of consecutive frames can
also be used to assess the sample drift [32]. The level of correction that was achieved was
approximately 1 nm in the lateral (xy) direction and 2 nm in the axial (z) direction. These
small values for the residual drift were achieved by using the redundant cross-correlation
algorithm.

Visualization

In the visualization step the localizations are represented in an image. There are several
ways to do this. Using a scatter plot to visualize the localization coordinates is ineffective
as the density of the points is not visible except for sparse cases. A better approach is to
transfer the accumulated localized points to pixelated images by binning in boxes of size
equal to a super-resolution pixel (chosen to be on the order of the localization uncertainty
or less), possibly combined with Gaussian blurring with standard deviation the localiza-
tion uncertainty [33, 34].

Post processing and quantification
Analyzing and quantification of the SMLM data is important for finding new insights about
the nanostructures and processes. Many techniques are developed to further interpret
the data such as cluster analysis [35], resolution assessment [17], structural quantification
[36, 37], particle fusion [38, 39] , etc. Among these methods, particle fusion succeeded in
pushing the resolution toward 1 nm.

1.4. CRYO-ELECTRON MICROSCOPY (CRYO-EM)

Electron Microscopes (EM) use electron beams controlled by electron optic devices that
act similar to optical lenses to produce a magnified image [40]. The first Transmission
Electron Microscope (TEM) [41] was introduced by Ernst Ruska in 1930. Nowadays TEM
enables researchers to obtain a resolution on the Angstrém level, and as such is one of the
most important techniques to study (macro)molecular complexes in cells. The resolving
power goes down to 50 pm in state-of-the-art machines in material science. A drawback of
electron microscopes is the considerable radiation damage to the specimen caused by the
highly energetic incident electrons [42]. Both amplitude contrast and phase contrast can
be generated when electrons scatter against the sample. Phase contrast contains more
information about biological specimens because amplitude contrast depends strongly on
the atomic number, and for atoms that make up biological samples this is typically low and
nearly equal (carbon, oxygen, nitrogen, etc.). Phase contrast can be transformed to inten-
sity contrast by applying defocus (or a phase plate). The interference of the undiffracted
beam with the beam that is phase shifted by the sample generates contrast in the case of
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defocus. The Contrast Transfer Function (CTF) is a function that describes how the con-
trast of different spatial frequencies is transferred through the microscope to the image.
Understanding and accounting for the CTF is needed for interpreting and processing EM
images, especially in high-resolution applications.

The sample holder of an EM should be kept in vacuum as air molecules scatter the
electrons. This makes many biological samples incompatible with this condition. Cryo-
EM [43] is a technique in which the specimen is frozen to liquid nitrogen temperatures
to cryo-immobilize (fixate) the sample. This can be achieved by either plunge freezing or
high pressure freezing. A key element is that the freezing must be done very fast, so as
to form amorphous and not crystalline ice, because crystalline ice will diffract the elec-
tron beam, preventing the generation of any meaningful image formation. At low tem-
peratures, the molecular structures are excellently preserved, and thus provide a forum
for ultrastructure studies. Although the TEM produces 2D images from the specimen it
is possible to obtain 3D volume reconstructions using techniques such as single particle
analysis (SPA) [44] or electron tomography (ET) [45].

1.4.1. SINGLE PARTICLE ANALYSIS (SPA)

Single-particle analysis overcomes the limitation of the low dose required to prevent ra-
diation damage by combining many images of copies of the same molecule in randomly
different orientations. Non-biologic samples can be typically bombarded with 500-2000
e~ /A, but biological samples can only tolerate a 100 times lower dose. In order to ob-
tain a high quality reconstruction of a molecular structure the chemically identical copies
must be aligned. This alignment process relies on advanced image processing methods
that handle the variations in positions and orientations of the molecules, the effects of
defocusing, and the extremely low signal-to-noise ratio (SNR) inherent to such data. The
processing pipeline is depicted in figure 1.4.

Particle picking 2D Classification mma\ 3D Reconstruction Final 3D reconstruction 3D Model

Figure 1.4: Steps of SPA. (a) Particle picking or identification from the cryo-EM micrographs
(b) Classification of picked particles based on their projection angle resulting in different
orientation classes. (c) Particles from each orientation classes are used to calculate 3D re-
constructions. (d) 3D classification and refinement of final high-resolution reconstruction
to obtain density maps and atomic model. Image from ref. [46].

Particle picking
High-resolution cryo-EM studies, especially for asymmetric molecular structures, often
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need selecting hundreds of thousands of high-quality particles from micrographs. This
particle picking step is a major barrier to automating the SPA process. Historically, par-
ticle selection was done manually, a tedious and time-consuming task prone to human
bias and inconsistency. To address this problem, various computational methods have
been developed to assist in particle picking. These methods fall into three categories:
generative [47], unsupervised [48], and discriminative approaches [49]. Generative meth-
ods identify particle candidates by measuring the similarity to a reference, often using
template matching techniques. Unsupervised approaches distinguish particle-like ob-
jects from noisy background without labeled training data. Discriminative methods train
a classifier on labeled datasets of positive and negative examples to detect particle images.
Although these computational approaches have reduced the time and effort required for
single-particle data analysis, they still fall short of a fully automated pipeline. Genera-
tive methods need an initial set of high-quality reference particles, and discriminative ap-
proaches require manually picked samples to train the classifier. Although unsupervised
methods do not depend heavily on labeled data, they often do not fully exploit the intrin-
sic characteristics of particles, leading to their combination with template-matching [50]
or classification-based methods [51] to achieve satisfactory results.

Classification

An important part of the SPA analysis is 2D classification, which groups particles with sim-
ilar 3D projections. Averaging over particles within such an orientation class improves the
SNR. The classification step is challenging due to the low SNR of the individual particle
projections. Typical 2D classification algorithms combine clustering with image align-
ment, iteratively identifying the best alignments and classification parameters. Since the
early development of single-particle cryo-EM, a standard framework combining K-means
clustering with multi-reference alignment (MRA) has been used. RELION [48], a widely
used method, improves on this by employing a maximum-likelihood approach for MRA,
comparing each image with all others in many orientations and translations. For the best
classification results however, ISAC (iterative stable alignment and clustering) [52] can be
used. This method validates class members through repeated stability tests, ensuring ho-
mogeneity and using modified K-means to limit class size. However, ISAC is extremely
time-consuming and is typically used only for particularly challenging problems.

3D Reconstruction

Reconstruction of a 3D molecular structure can be achieved by combining many 2D pro-
jected images from different orientations. To this end, a variety of methods have been
developed. The main challenge in 3D structure reconstruction is identifying the abso-
lute orientation of individual 2D experimental projection images, typically indicated by
projection angles. However, the low SNR, CTF of the microscope, and errors during parti-
cle picking make it challenging to determine these angles directly from the 2D projection
images. The 3D reconstruction problem can be considered an optimization challenge,
where the goal is to find a 3D model that aligns with the 2D projection images as closely
as possible. Therefore, many current 3D reconstruction methods, such as EMAN [53] and
RELION [48], employ expectation maximization to iteratively refine the estimation of pro-
jection angles and the 3D model, starting from an initial condition. Improvements in such
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3D reconstruction methods are done by stochastic hill climbing [54], stochastic gradient
descent [55], and particle filtering with a posterior probability density estimation [56] that
achieved the resolution of about few Angstréms. In the presence of sample heterogeneity
3D reconstruction from 2D projection images is be even more difficult. This problem is
typically addressed by considering multiple 3D structures in the reconstruction pipeline.

1.5. PARTICLE FUSION IN SMLM

Methods for particle fusion in light microscopy are relatively new due to recent advances
in super-resolution techniques, despite the longstanding development of SPA in cryo-EM.
In the same way as for cryo-EM, where the reconstruction of the molecular complex is per-
formed by fusion of projections obtained from chemically identical copies of the molecu-
lar complex, it is possible to leverage fusion in SMLM in cases where these similar molecu-
lar structures exist. In SMLM there are two main challenges that limit the resolution. First,
the low binding affinity of fluorescent labels results in a degree of labeling that is typically
on the order of 30-70%, which means that only about half of the potential binding sites is
actually labeled. Second, the finite localization uncertainty, limited by the photon count
of the emitters, gives rise to a spread of localizations around the binding sites. Moreover,
false positive localizations can further deteriorate the quality of the data. Fusion of chem-
ically identical structures increases the SNR, and diminishes the effect of missing labels at
biding sites. This section elaborates on the main approaches for particle fusion in super-
resolution light microscopy, highlighting how these methods enhance imaging quality.

1.5.1. EM INSPIRED PARTICLE FUSION

A logical starting point for SMLM particle fusion has been in its historical origin in SPA
for cryo-EM. This requires adaptation of the SMLM data to fit the framework of cryo-EM
based methods. In particular, this entails a conversion of the localization point cloud
to pixelized image data, with noise and randomness of an entirely different character
compared to cryo-EM data. One of the works that used EM inspired techniques to fuse
SMLM data was done by Szymborska et al. [57] on Nuclear Pore Complexes (NPCs) which
revealed highly symmetric arrangement of the NPC scaffold with unprecedented detail.
Cryo-EM methodologies can be adapted for use in SMLM to enhance image resolution
and analysis through similar principles of particle alignment, fusion, and 3D reconstruc-
tion [58]. However, these 2D/3D reconstruction attempts suffer from the mismatch be-
tween the central premise including disparities between coordinate-based (SMLM) and
pixel-based image (cryo-EM) data representations.

1.5.2. TEMPLATE-BASED PARTICLE FUSION MODEL BASED FITTING

The structure of several molecular complexes has been revealed at a resolution of a few
Angstréms with cryo-EM studies. Some of these structures are then used as a template
to perform particle fusion in SMLM. This means that an accurate model is prepared in
advance for the benefit of guiding the SMLM particle fusion. Loschberger et al. [37] used
the eight-fold symmetric ring of the NPC as a template. In this study optimal translation
and rotation were found by minimization of the sum of the distances of localizations in
each segmented particle to the eight binding sites of the model. Similar approaches were
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tried in the study of tegument proteins [59] and endocytic proteins [60]. Provided that
the accuracy of the models can be guaranteed, it is possible to use these template driven
techniques. The major benefit is the relatively low computational complexity that scales
linearly with the number of particles. On the other hand, if the accuracy of the template is
not well established, the fusion becomes susceptible to template bias, resulting in a wrong
reconstruction.

1.5.3. TEMPLATE FREE PARTICLE FUSION

The issue of template bias is overcome by template free methods, potentially enabling
discovery of unknown sub-cellular structures. Several approaches have been proposed
to align and merge particle localizations, in particular pyramid registration [61], all-to-all
registration based fusion [38], and fast particle fusion approach [62]. An example of prior
knowledge free structure assessment is the symmetry discovery method enabled by the
all-to-all method[39]. An example result from the application of this method that achieved
around 3 nmresolution is illustrated in Figure 1.5 . The algorithmic complexity of template
free particle fusion methods is usually high. For instance, the computational complexity
of the all-to-all [38, 39] approach scales quadratically with the number of particles. Re-
cently, however, Wang et al. [62] introduced a method adapted from the so-called Joint
Registration of Multiple Point Clouds (JRMPC) to speed-up the process, achieving a lin-
ear scaling with the number of particles. This computational advantage was required for
a high precision study of the two-binding site sub-structure of Nup96 using thousands of
NPCs.

1.6. MOTIVATION AND OUTLINE

The key assumption in all cryo-EM SPA and SMLM particle fusion studies is the homo-
geneity of the data. That is, it is assumed that all particles have a chemically identical
structure (apart from the labelling). In practice, however, this assumption may not be
valid. Neglecting structural heterogeneity in the particle fusion will lead to a lower SNR of
the reconstruction, as overlaying dissimilar structures will smear out features. Uncovering
structural heterogeneity offers potentially useful information that exists in the data.

Structural heterogeneity can be divided into two categories: discrete heterogeneity
and continuous heterogeneity. Detecting discrete states of proteins/molecules can be
performed by various classification approaches. In cryo-electron microscopy, Bayesian
approaches [63] and deep learning methods [64, 65] are two ways of dealing with different
conformation states of molecular structures. For SMLM data, Huijben et al. [36] studied
discrete structural heterogeneity using a classification approach without using a model.
Continuous structural heterogeneity detection, however, is a more difficult problem and
cannot be addressed by common classification algorithms. Therefore, new strategies are
needed to be able to detect this type of heterogeneity.

In cryo-EM it is common to use machine learning methods [66, 67] to detect continu-
ous structural heterogeneity. Just as in cryo-EM, a learning-based method [24] for SMLM
was introduced, but it requires extensive labeling for training. Another method, ECLiPSE
[68], relies on statistical pattern recognition and requires segmentation, demanding high
labeling accuracy and a high SNR. Methods like LocMoFit [69] fit a point cloud to a geo-
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Figure 1.5: An example of template free particle fusion in SMLM a) The template used
to build the DNA origami TU Delft logo with 37 docking sites. b) Field of view containing
many logo particles. c¢,d) Two examples of single particles with different orientations and
with incomplete labeling (DOL=80%). e) The fusion result of 383 individual particles. f)
FRC curve showing the resolution of 3.3 £ 0.3 nm. Image from ref. [38].

metric model based on prior knowledge. Despite these efforts on uncovering structural
heterogeneity, an approach that can reliably shed light on continuous heterogeneity in
the data remains a challenge. The continuous nature of the heterogeneity relates to one
or more structural parameters that take values in a continuous range, such as the radius
of the NPC. The aim of this thesis is to i) develop methods to detect continuous structural
heterogeneity and ii) from that enhance the reconstruction quality by particle fusion of
similar particles opposed to fusing all data.

1.6.1. OUTLINE

The body of the thesis consists of three content chapters. The first two chapters intro-
duce frameworks to detect continuous structural heterogeneity in SMLM data. The first
builds on a similarity measure introduced earlier in the all-to-all registration and the sec-
ond leverages data-driven variational auto-encoders. In the last chapter, we introduce a
method for detecting continuous structural heterogeneity in cryo-EM data. A summary of
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each chapter is provided below:

In chapter 2, we present a prior-knowledge-free method for detecting continuous struc-
tural variations with localization microscopy. In experimental datasets, we show the con-
tinuous variation of the height of DNA origami tetrahedrons imaged with 3D PAINT and
of the radius of Nuclear Pore Complexes imaged in 2D with STORM.

In chapter 3, we introduce a new pipeline based on a data-driven variational auto-
encoder approach to detect the continuous structural heterogeneity. The aims of this
approach are to address the challenges raised in chapter two, namely, to overcome the
quadratic scaling of computational time with respect to the number of particles and to
disentangle multiple modes of continuous variation in SMLM data simultaneously.

In chapter 4, we focus on detection of continuous structural heterogeneity in cryo-EM
data for investigating variations of protein conformation. The spike protein of SARS-CoV-
2 [70-72] for instance, exhibits multiple conformations that are critical for its function in
host cell entry and antibody recognition.

The advanced computational techniques developed in this thesis may lead to improved

access to high-value structural information from microscopy data in different high-resolution

modalities.
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DETECTING CONTINUOUS
STRUCTURAL HETEROGENEITY IN
SINGLE-MOLECULE LOCALIZATION
MICROSCOPY DATA

Fusion of multiple chemically identical complexes, so-called particles, in localization mi-
croscopy, can improve the signal-to-noise ratio and overcome under-labeling. To this
end, structural homogeneity of the data must be assumed. Biological heterogeneity, how-
ever, could be present in the data originating from distinct conformational variations or
(continuous) variations in particle shapes. We present a prior-knowledge-free method for
detecting continuous structural variations with localization microscopy. Detecting this
heterogeneity leads to more faithful fusions and reconstructions of the localization mi-
croscopy data as their heterogeneity is taken into account. In experimental datasets, we
show the continuous variation of the height of DNA origami tetrahedrons imaged with 3D
PAINT and of the radius of Nuclear Pore Complexes (NPCs) imaged in 2D with STORM.
In simulation, we study the impact on the heterogeneity detection pipeline of Degree Of
Labeling and of structural variations in the form of two independent modes. '

IThis chapter has been published as: Sobhan haghparast, Bernd Rieger, Sjoerd Stallinga, Detecting continuous
structural heterogeneity in single-molecule localization microscopy data, Scientific Reports 13.1 (2023): 19800.
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2.1. INTRODUCTION

Single-molecule localization microscopy (SMLM) is used to image biological samples at
resolutions below the diffraction limit [1, 2]. The resolution of SMLM is limited by the den-
sity of labeling and localization precision|3, 4]. Fusion of multiple SMLM image datasets
of chemically identical structures (particles) that are typically multi-component protein
complexes with fixed spatial relationships, can improve the resolution as it increases the
signal-to-noise ratio and overcomes under-labeling [5, 6]. In SMLM the general idea is
along the same line as in single particle averaging techniques (SPA) in cryo-EM [7, 8].
Alignment of these particles is commonly achieved using either model-based registra-
tion methods [9, 10] or template-free registration methods [11-14]. Both approaches as-
sume homogeneity of the dataset: the underlying structure is assumed to be the same
for all particles. Structural heterogeneity, however, could be present in the data. These
structural variations could originate from e.g. biological variations [6] or from sample
preparation[15]. In the field of cryo-electron microscopy (cryo-EM) [16-18] methods to
detect and cluster discrete variations are commonly used [19-22]. Recently, we have pro-
posed a method to detect discrete structural variations in SMLM data with a clustering
approach [23].

The goal of the current paper is to develop a method that can detect continuous het-
erogeneity in specifically SMLM datasets. This offers the potential to study naturally oc-
curring biological variations related to e.g. dynamics or development of protein assem-
blies in cells. Such a method also has the advantage that blurring of the final fusion result
by the underlying continuous heterogeneity can be tackled by fusing parts of the dataset
that are detected to be sufficiently homogeneous. The stated task of detecting continu-
ous heterogeneity is challenging in view of statistical variations inherent to SMLM point
datasets. Relevant factors for these statistical variations are the (anisotropic) localization
uncertainty, which results in scatter of localizations around the fluorophore binding sites,
repeated localizations corresponding to the same fluorophore, which leads to variations of
the density of localizations, and underlabeling, which gives rise to randomly different sub-
sets of the total set of binding sites that are actually labeled with a fluorophore. These ef-
fects make the image formation for SMLM essentially different from cryo-EM, and stand in
the way of direct application of methods developed for cryo-EM, such as a recent proposal
to investigate continuous heterogeneity using a deep learning-based mixed-dimensional
Gaussian mixture model [24]. A learning-based approach for SMLM has been introduced
recently[25], but the classification tool needs manual annotation for training. Another sta-
tistical pattern recognition approach for classification (ECLiPSE[26]), requires segmenta-
tion, and therefore needs a high degree of labeling and signal-to-noise ratio. Approaches
like LocMoFit (Localization Model Fit)[27] can be seen as a way of fitting a point cloud
with a parametrized geometric model built on a priori knowledge. This is in contrast to
our approach where we use a data-driven analysis by extracting information without the
use of prior knowledge. Model-based approaches [28] in general are not ideal as they are
susceptible to template bias and subjective model selection.

In this paper we present a model-free continuous heterogeneity detection method
that works directly on localization coordinates in order to employ the full potential of the
SMLM data. We apply our method to experimental data for the continuous detection of
the height of DNA-origami tetrahedron structures imaged in 3D and of the radius of Nu-
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clear Pore Complexes (NPCs) imaged in 2D.

2.2. METHODS

Our continuous heterogeneity detection (CHD) pipeline is illustrated in Fig. 2.1. It starts
by computing a pairwise registration of all particles to obtain a dissimilarity matrix of
the particles, similar to the approach of Huijben et al.[23]. The dissimilarity values be-
tween particles are mapped via multi-dimensional scaling[29] to a high-dimensional fea-
ture space (MDS). This typically results in a low-dimensional manifold embedded in the
high-dimensional MDS space. The low-dimensionality indicates that the particles are
mostly alike but vary in one or just a few features. In the next step, the Isomap algorithm([30]
is used to aAIJunrollaAl the data into a lower dimensional embedding. Finally, principal
component analysis is used to project this representation onto the axis carrying the largest
variation in a 1D latent space. This sequence of transformations preserves local ordering,
and therefore, the ordering in 1D latent space carries the information on the continuous
heterogeneity captured by the dissimilarity measure. Since neighboring particles in the
latent space are structurally similar to each other, we can now divide them into bins and
fuse the particles per bin.
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Figure 2.1: Continuous heterogeneity detection pipeline. N particles are registered using
the all-to-all registration procedure resulting in N(N — 1)/2 dissimilarity values. Multi-
dimensional scaling embeds the dissimilarity matrix into an abstract Cartesian space (only
the first 3 dimensions are shown). Points lying on a low-dimensional manifold are unrolled
using Isomap. Projection of the unrolled manifold on the main principal component axis
creates a 1D latent space in which the data is ordered based on the dissimilarity captured by
the dissimilarity measure.

In the following we describe the different steps of the algorithm in detail.

2.2.1. PAIRWISE REGISTRATION.

We use the all-to-all registration [11] to register N particles from a 2D/3D SMLM dataset.
Each particle is independently registered to all other particles in the dataset using a com-
bination of Gaussian Mixture Model (GMM) registration [31] and the Bhattacharya cost
function [14]. First, particles are aligned using GMM registration with multiple initial
poses, which results in a set of rotation matrices and translation vectors. The final regis-
tration parameters are those that maximize the Bhattacharya cost function over the GMM
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optima for the different initializations. This procedure results in transformation parame-
ters (rotation and translation) and the optimum cost value for each pair. The width of the
Gaussian distribution (scale parameter) used in GMM registration is obtained by register-
ing ten random groups of particles for different scales. In this scale-sweep approach, the
scale parameter which gives the highest Bhattacharya cost value for all test sets is chosen
as the scale value to be used for the whole dataset. It is necessary to select the proper scale
value to avoid blurring of nearby binding sites or overfitting on each localization. The el-
ements of the N x N matrix of optimum cost values (or rather the upper triangular part of
this matrix) are normalized by the number of localizations for the two corresponding par-
ticles [23]. This makes the cost function matrix less sensitive to variations in the number
of localizations. Finally, all pairwise cost values (quantifying the similarity between pairs
of particles) are subtracted from the maximum pairwise cost value to create a dissimilarity
matrix.

2.2.2. MULTI-DIMENSIONAL SCALING (MDS) SPACE.

We assign coordinates to the N particles in a high-dimensional (dimension D = 30) space,
by interpreting the values of the dissimilarity matrix as the Euclidean distance in this high-
dimensional space, the so-called MDS space. This is done by iteratively updating the co-
ordinates in MDS space to minimize the stress function:

§=3;; (dij~llxi —x;1D?, 2.1)

where d; ; is the pairwise dissimilarity between particle i and j, and x; is the MDS position
vector of particle i (i = 1,2,... N). We found that a dimensionality D > 15 resulted in a value
for the stress function smaller than 10™#, which was sufficient for all our applications. As
arule of thumb, the number of dimensions is set to be D = 30[23].

2.2.3. [SOMAP.

We have observed that the point cloud in MDS space can and often is distributed across a
lower-dimensional manifold. In addition, the ordering of the points on this manifold cor-
relates with the ordering from the dissimilarity metric. In order to take advantage of this
in case it occurs, we use a global geometric framework for nonlinear dimensionality re-
duction, the so-called Isomap algorithm [30]. The Isomap algorithm is used to unroll the
low-dimensional manifold embedded in the high-dimensional MDS space by flattening
the curved manifold, preferably into a non-curved shape. This in turn enables easier de-
tection of the dominant directions of variation in the dissimilarity measure across the data
in MDS space. Isomap unrolls the manifold while keeping the number of dimensions the
same as the original MDS space using the following steps: 1) Clustering the particles[32]
to find the k nearest neighbors based on the Euclidean distance for all N particles in MDS
space. 2) Connecting the k neighborhoods for each point to construct a proximity graph.
3) Computing the shortest pairwise distance for all pairs of points in the graph. This re-
sults in a new N x N matrix in which the elements represent the geodesic distance. 4) Em-
bedding the geodesic distance matrix into MDS space by minimizing the stress function,
keeping the number of dimensions the same. The parameter k, which corresponds to the
number of neighbors used in Isomap, should be empirically chosen based on the distribu-
tion of the particles in MDS space (typically between 4 to 12). We empirically found k =4
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works well. If k is too high, unrolling cannot be performed properly as neighbors can then
be found not just along the manifold, but also via a 4AIJshortcut" through empty space. In
cases where the successive differences between explained variance on the first three axes
are higher than half of the average variance explained, Isomap can reveal the low dimen-
sional latent space. Otherwise, it can not further reduce the number of dimensions due to
an isotropic distribution in MDS space.

2.2.4. PRINCIPAL COMPONENT ANALYSIS (PCA).

After unrolling the data in the high dimensional MDS space, we used PCA to identify
the direction of the largest variation. Here the axis with maximum variance explained
corresponding to the highest eigenvalue was selected as the one embedding the maxi-
mum mode of variation in the data measured by the Bhattacharya cost function. Subse-
quently, by projecting all particles on its main principal component axis, a 1D latent space
is created, which corresponds to some of the continuous heterogeneity that exists in the
dataset.

2.2.5. RECONSTRUCTION PER BIN.

To visualize the continuous heterogeneity revealed in the latent space, particles are di-
vided into bins, and a single reconstruction for each bin is made. The way in which the
particles are distributed over the bins is adapted to the distribution of the particles in the
latent space. For a (near) uniform distribution of particles, the bin width is set such that
all bins cover the dynamic range of values in latent space. For a more bell-shaped distri-
bution of particles, the bin width is set to be equal to half of the fitted standard deviation
of the distribution. The total number of bins is typically chosen in the range of 5-10, but
can in principle be chosen arbitrarily, provided there are more than approximately 10 par-
ticles per bin. The resulting reconstructions per bin are expected to be more faithful since
the particles in each bin are structurally close to each other.

2.2.6. PARTICLE FUSION.

The superparticle reconstructions per bin are made with a template-free method devel-
oped previously by us [13], based on earlier work by Evangelides and Horaud [33], the
so-called Joint Registration of Multiple Point Clouds (JRMPC).

2.2.7. MODEL-BASED SHAPE PARAMETER ESTIMATION.

We identify the coordinate axis in 1D latent space indicating the heterogeneity parame-
ter. In an experimental 2D NPC dataset, we compare the latent space coordinate to the
estimated radius of the ring structure. To estimate the radius, we center all particles by
subtracting the mean of all localizations in a particle from the localizations, as in Hey-
darian et al. [11]. Subsequently, the localization coordinates are transformed into polar
coordinates. We take the mean of the radial coordinate as an estimation of NPC radius. To
estimate the precision of the model we calculate the FWHM of the radius histogram and
divide it by the square root of the number of localization events to find the standard error
of the mean. In an experimental 3D DNA-origami tetrahedron dataset, we compare the
latent space coordinate to the estimated height of the tetrahedron structure. To this end,
we manually align the particles in each bin along the z-axis and project all localizations
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on the z-axis, giving a histogram of z coordinates of all localizations in the particle. This
histogram has two peaks, one corresponding to the three binding sites in the base plate
of the tetrahedron, and the other corresponding to the tip of the tetrahedron. By fitting a
mixture of two Gaussian distributions to this histogram, we find the height as the differ-
ence between the mean of the two fitted Gaussian distributions. In a simulation study on
elliptically shaped 2D NPCs we estimate the ellipticity of the ring structure as in Huijben
et al.[23] by finding the center of the 8 blobs in each particle using k means clustering,
followed by fitting an ellipse to the centers of the 8 blobs.

2.2.8. DATA ACQUISITION OF 2D NPC.
Experimental NPC data was acquired with the following protocol. U20S Nup96-SNAP
cells (Cell Lines Services, from Jan Ellenberg, EMBL) were seeded on collagen-coated 8-

well chambers slide (1.5NA, LabTek IT#155409) with 3 Atg/mL aphidicolin (Millipore #178273-

1IMG) and incubated overnight at 37°C. Cells were then pre-fixed with 2% Paraformalde-
hyde (PFA, Electron Microscopy Sciences #1570-S) for 30 sec, permeabilized with 0.1%
Digitonin (RPI #43065-0.1 ) for 30 min and additionally fixed with 2% PFA for 10 min. PFA
was quenched with 20 mM Tris pH 8.0 (G-Biosciences #R002) for 5min. Samples were
then blocked with 10% Fetal Bovine Serum (FBS, Hyclone #SV30014.03) for 30 min and
then stained with 500 nM AlexaFluor647-BG for SNAP-tag (NewEngland Biolabs #S9136S)
with 1 uM of Dithiothreitol (DTT, American Bioanalytical #AB00490) in 10% FBS for 1 h at
room temperature. Samples were prepared for STORM imaging with 100 mM Cysteamine
Hydrochloride (MEA, Sigma #M6500-25G), 1% GLOX oxygen scavenger buffer (40 pg/mL
catalase (Sigma #C40-100MG) and 500 ug/mL glucose oxidase (Sigma #G2133-50KU)) and
a second buffer (10 mM NaCl, 50 mM Tris pH 8 and 10% Glucose). Images were taken us-
ing an Oxford Nanoimager (ONi) STORM microscope with oil-immersion objective (100X,
1.4NA) and laser power density of 4 kW /cm?. For imaging acquisition, a 641 nm laser was
used to excite AF647-BG and a 405 nm laser was used to enhance blinking. Samples were
pre-bleached with 190 mW of 641 nm laser (1500 frames), then acquisition was done with
120 mW of the 641 nm laser (5000 frames) and enhanced blinking with 0.2 mW of 405 nm
and 120 mW of 641 nm (5,000 frames).

2.3. RESULTS

We applied the proposed CHD analysis pipeline to two experimental datasets, a 3D DNA
origami tetrahedron dataset, and a 2D NPC dataset. We also investigated limitations of
the method by two simulation studies, on the impact of the Degree Of Labeling (DOL) and
on the sensitivity to two independent modes of continuous variation.

2.3.1. CONTINUOUS DISTRIBUTION OF 3D DNA-ORIGAMI TETRAHEDRON
HEIGHT.

We applied our CHD pipeline to a three-dimensional DNA-origami tetrahedron data set,

imaged with DNA-PAINT [23, 34]. This data set consists of 218 particles with an edge

length of around 100 nm and a height of around 90 nm. There is a variation in tetra-

hedron height, which was analyzed previously by Huijben et al.[23] with their clustering

approach. We have applied our CHD method to this data set as well and the key results are
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shown in Fig. 2.2. The reconstruction of the whole data set (Fig. 2.2a) was obtained using
fast particle fusion based on JRMPC [13]. Fig. 2.2b shows the distribution of particles over
the latent space coordinate. There is a clear correlation of the found latent space coordi-
nate with a continuous height variation of about 45 nm in the entire data set, providing
additional support for the validity of our method. The variance explained in the first PC
axis is 23% (clearly larger than in the next directions, which give rise to to 14, 9, 5, and
4% variance explained). We divided the latent space into 10 bins with equal length in la-
tent space as the particles are almost uniformly distributed in the latent space. Fig. 2.2c-h
shows the reconstructions for each bin. These reconstructions have less elongated blobs
than the overall reconstruction of Fig. 2.2a. A 3D reconstruction of each bin can be seen
in Supplementary video 1.
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Figure 2.2: Continuous distribution of DNA origami tetrahedron height. a) All particles
are registered using fast particle fusion based on the homogeneity assumption. The fusion
of structurally different particles causes blurry and elongated blobs. b) The distribution of
the particles in latent space. c-1) Fusion of particles in 10 bins sorted along the latent space
coordinate, showing a clear variation in the height of tetrahedrons. Scale bar in c applies to
d-l as well. Colormap represents the localization density.

2.3.2. CONTINUOUS DISTRIBUTION OF 2D NPC RADIUS.

The NPC dataset consists of 1,339 particles imaged with 2D STORM (see Methods section).
Each particle was picked (cropped) manually from a single SMLM image. The shape of
lower-dimensional projections of the distribution of points in MDS space turns out to be
closer to an ellipsoid structure as opposed to a more flat shape. As a result, the Isomap
step does not provide additional value in this case, and we directly applied PCA to the
distribution in MDS space. We attribute the more diffuse topology of the manifold in MDS
space to other modes of variation in addition to the dominant one (NPC radius). These
confounding modes of variation could be related to other modes of structural variation,
and SMLM specific statistical variations such as Degree Of Labeling (DOL).
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Figure 2.3: Continuous distribution of 2D NPC radius. a) Fusion of 1,399 NPCs imaged
with STORM using fast particle fusion with homogeneity assumption. b) The normalized
histogram of the latent space is fitted by a Gaussian distribution, and the size of each bin is
selected as half of the fitted standard deviation. Images c-l correspond to registered particles
inside each division using particle fusion[13]. Scale bar in ¢ Applies to d-1.

By estimating the size of each particle as explained in the Model-based shape parame-
ter estimation in Method section, we observed a continuous variation in the radius of the
scaffold that seems drawn from a Gaussian distribution with a mean of around 55 nm, and
a standard deviation of around 4 nm. This continuous heterogeneity causes blurriness in
the reconstruction of all particles in the dataset (Fig. 2.3a) that assumes homogeneity of
the underlying data. Fig. 2.3b shows the results of analyzing this dataset with our CHD
algorithm. There is a very clear correlation between the latent space coordinate and the
independently assessed radius, validating our method for discovery of continuous hetero-
geneity without any prior assumptions. Although the first principal axis shows a very good
correlation with radius, the variance explained in this axis is only 4%. This may be related
to the more diffuse topology of the MDS manifold compared to the 3D DNA-origami tetra-
hedron case. We also inspected the second or higher principal axis but did not observe a
correlation to another structural feature.

Fig. 2.3c-1 shows reconstructions of particles in 10 bins, defined according to the ob-
served bell-shaped distribution of the latent space coordinate (see Methods section). The
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results indicate that the registration of particles in the middle bins (Fig. 2.3f-i) leads to bet-
ter reconstructions compared to the first (Fig. 2.3c-e) and last bins (Fig. 2.3j-1). As a quan-
titative measure, we calculated the spectral signal to noise[35] (SSNR) curves for each bin.
To that end we divided each bin into two halves and registered each part independently
using the fast particle fusion approach. After alignment of the two halves, we applied a
random rotation in view of the 8-fold rotational symmetry of the structure, thereby avoid-
ing hotspots. Fig. 2.4 shows that for the middle latent space bins (4-7), the SSNR curves are
higher than for the first (1-3) and last (8-10) bins, in agreement with the visual quality of
the reconstructions per bin in (Fig. 2.3c-1). All SSNR curves level off to a noise plateau for
spatial frequencies higher than approximately 0.15 nm ™, indicating that the smallest fea-
tures in the reconstructions are about 6 nm. The reason for the relatively poor reconstruc-
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Figure 2.4: Spectral signal to noise curves for each division. This figure illustrates that
bins 4-7 have higher SSNR than bins 1-3 and 8-10, which confirms the better reconstruction
quality of the middle bins.

tion of the extreme bins is not just the lower number of similar particles that contribute to
the reconstruction, but also that these bins are contaminated with outlier particles. This
suggests an additional value of our proposed method, namely outlier particle detection.
Fig. 2.5 shows examples of particles that can be designated as outlier particles compared
to randomly selected valid particles. As threshold for the definition of outlier, we take the
extreme 1% of the distribution of particles in latent space. Visually, these outlier particles
are relatively remote from the expected ring shaped point clouds.

2.3.3. SIMULATION ON IMPACT OF DOL.

Alow Degree Of Labeling (DOL) of binding sites is a common problem in SMLM. It can be
expected that DOL also has an impact on the ability to detect continuous heterogeneity
in a dataset, as the randomness of which binding sites are labeled (and which not) affects
the imaged structure of each individual particle. We investigated the impact of DOL by a
simulation study of a 2D NPC structure. We applied our CHD pipeline to simulated data
sets with five DOL values (30, 50, 70, 90, and 100%), and for particle radii drawn from
uniform distributions with four ranges. The simulation is performed as Huijben et al. [23]
with 250 particles in each dataset. Fig. 2.6 shows the variance explained on the first PC axis
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Figure 2.5: Outliers detected by the CHD pipeline. Images a-1 correspond to particles that
are in low-density regions of the latent space. As reference, images m-x are randomly selected
from the whole data set.

(the latent space coordinate) as a function of DOL for the four distributions. As expected
the variance explained decreases with decreasing DOL. If we take 50% as a minimum value
for this performance criterion, we can conclude that the DOL should be at least in the
range 50-70%.
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Figure 2.6: Performance of continuous heterogeneity detection with DOL. Each curve con-
sists of 5 data points, pertaining to datasets with five DOL values (30, 50, 70, 90, 100%). The
radius of the particles is drawn from a uniform distribution with ranges indicated in the
legend.
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2.3.4. SIMULATION ON TWO MODES OF VARIATION.

So far, we have only considered cases in which there was a single, dominant mode of vari-
ation. To evaluate the ability of the CHD method to detect two modes of variation si-
multaneously, we made a simulation study of 2D NPC particles with both a variation in
radius (uniform distribution ranging from 30 nm to 70 nm) and a variation in ellipticity
of the ring (uniform distribution ranging from 0.6 to 1.0). The outcome was compared to
simulations with only a variation in radius or in ellipticity. Fig. 2.7 shows the similarity
matrices for these different simulations. The matrices for single-mode variation simula-
tions (Fig. 2.7a-b) were ordered such that the particles are sorted based on the ellipticity
or radius of the particles. As a consequence, by moving from left to right in each row in
Fig. 2.7a-b, the similarity value decreases since each particle is compared with a less sim-
ilar structure in terms of ellipticity or radius. This applies to every row in the matrix and
creates a diagonal band of higher similarity values. The width and the average hue of this
diagonal band in the matrix are related to the sensitivity of the similarity measure to the
ellipticity or radius. If we apply the same particle ordering procedure for either the ellip-
ticity or the radius for two-mode variation simulation (Fig. 2.7c-d), it turns out that the
width and hue of the diagonal band is limited or seemingly absent. This indicates that the
single similarity metric we use might have difficulties to provide sufficient information to
detect multiple modes of variation.

In the simulated dataset with two modes of variation it appeared nevertheless possi-
ble to detect both modes. Fig. 2.8 shows the distribution of particles in the 2D latent space
(first and the second principal axes), where the color code shows the radius and elliptic-
ity ground truth, respectively. Clearly, the variation in radius corresponds with the first
principal axis, while the variation in ellipticity corresponds with the second principal axis.
While these initial simulation results are encouraging, we have not been able to detect
multiple modes of variation in both experimental datasets we studied. Several confound-
ing factors, in particular a stronger underlabeling, could be limiting in detecting multiple
variation modes in experiment.

2.4. DISCUSSION

In summary, we have developed a model-free continuous structural heterogeneity tool
to sort particles based on a dissimilarity measure. We successfully detected continuous
structural variation in different localization microscopy datasets, such as DNA-origami
tetrahedrons and NPCs, which led to more faithful fusions.

The method should be applicable to any SMLM dataset that consists of particles that
share a similar structure but vary in conformational state. In cryo-EM studying structure
variation is applied to e.g. variation of position or motion of side groups. Similar variations
could potentially be visible in our approach albeit at a lower resolution due to the imaging
modality.

It is not clear how many samples are required per bin to detect structural heterogene-
ity, let alone how this number of samples depends on localisation precision and degree of
labelling. Already for normal averaging, with the assumption of structural homegeneity;, it
is unclear how the FRC resolution of the reconstruction depends on the number of parti-
cles. This is very different from cryo-EM SPA where each extra particle reduces the noise
and the improvement follows the expected 1/ VN scaling). As best practice, we inspect the
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Figure 2.7: Sensitivity analysis of the cost function to two modes of variation. Plots il-
lustrating the normalized pairwise cost value (similarity measure) for a variation in radius
andlor ellipticity of simulated 2D NPC. a) Cost values of a dataset with uniform distribution
over ellipticity ratio ranging from 0.6 to 1. Particles are sorted based on their ellipticity from
top to down and left to right in the matrix. The values in each column show the sensitivity
of a particle with specific ellipticity to the other particles. As a result, the color separation
over the diagonal band refers to the sensitivity of the method to the variations in ellipticity.
b) Cost values of a dataset with uniform distribution over the radius ranging from 30 nm to
70 nm. c,d) Cost values of a dataset with two modes of variations. In ¢ particles are sorted
based on their ellipticity, while in d sorting is based on radius. A comparison of the diago-
nal bands in c and d shows that the method is more sensitive to variations in radius than in
ellipticity.

result and then judge if the numbers have been sufficient.

We found several limitations of the proposed template-free continuous heterogeneity
detection method. Firstly, it is not a priori clear if the [somap unrolling step is of use or
not. Secondly, picking up modes of variation like variations in DOL, that have no clear
geometrical interpretation such as size parameters, turn out in simulation to be too chal-
lenging to detect. Thirdly, the detection of multiple continuous modes of shape variation
in SMLM data remains unsolved, despite initially hopeful simulation results. This may be
due to the poorer quality of experimental data and variation modes that are entangled dif-
ferently than foreseen in simulation. Finally, the method is based on a single dissimilarity
metric that may be expected to have different sensitivities to different modes of variation.

An alternative to the proposed method may be to fit an a priori model to the data and
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Figure 2.8: 2D Latent space for two modes of variation. a) Distribution of particles in the
2D latent space color coded respectively with the ground truth radius. b) Distribution of
particles in the 2D latent space color coded respectively with ellipticity.

then sort the data by the distribution of model parameters obtained by the fit. A major
drawback of such an approach, however, is that the outcome of the analysis is prone to bi-
ases induced by the assumed model. A more fruitful next step may be to consider multiple
metrics that quantify specific features and/or particle similarity for sorting the particles.
This can be performed either by a semi-template-free approach with multiple features
that are designed to be sensitive to specific modes of variation or by generating sets of
more abstract features using deep neural networks and auto-encoders[36].
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DETECTING CONTINUOUS
STRUCTURAL HETEROGENEITY IN
SMLM DATA WITH A POINT CLOUD
VARIATIONAL AUTO-ENCODER

The low degree of labeling and limited photon count of fluorescent emitters in single
molecule localization microscopy results in poor quality images of macro-molecular com-
plexes. Particle fusion provides a single reconstruction with high signal-to-noise ratio by
combining many single molecule localization microscopy images of the same structure.
The underlying assumption of homogeneity is not always valid, heterogeneity can arise
due to geometrical shape variations or distinct conformational states. We introduce a
Point Cloud Variational Auto-Encoder that works directly on 2D and 3D localization data
to detect multiple modes of variation in such datasets. The computing time is on the order
of a few minutes, enabled by the linear scaling with dataset size, and fast network training
in just four epochs. The use of lists of localization data instead of pixelated images leads
to just minor differences in computational burden between 2D and 3D cases. With the
proposed method, we detected radius variation in 2D Nuclear Pore Complex data, height
variations in 3D DNA origami tetrahedron data, and both radius and height variations
in 3D Nuclear Pore Complex data. In all cases, the detected variations were on the few

nanometer scale.
1
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3.1. INTRODUCTION

Single Molecule Localization Microscopy (SMLM) is a widely applied super resolution mi-
croscopy technique that enables below diffraction limit imaging [1-4]. The resolution of
SMLM is mainly limited by the localization precision and the degree of labeling to val-
ues typically between 10-50 nm [5]. If chemically identical copies of a macromolecular
structure exist in the image, the resolution can be increased by methods to fuse these so-
called particles to an overall reconstruction of the targeted macromolecular structure [6-
9]. These particle fusion methods combine the localizations of many particles to increase
the signal-to-noise in the final reconstruction. Such methods are based on the assumption
of homogeneity of the underlying data, that is, it is assumed that all imaged particles are
structurally fully identical. This homogeneity assumption, however, does not necessarily
hold, not even for chemically identical structures. Heterogeneity in the set of to-be fused
particles can originate from biological changes [10] or sample preparation [11] and can
be continuous or in distinct classes [12]. In Cryogenic Electron Microscopy (Cryo-EM)
[13, 14] heterogeneity detection of distinct classes is commonly applied [15-17]. SMLM
data are point sets (coordinates of all localization events) that thus differ from pixelated
images of Cryo-EM. Moreover, the complex photophysics of the molecular on-off switch-
ing leads to SMLM data that often come with repeated localizations of the same emitter
such that the number of localizations is not a linear representation of the actual density
of fluorophores [18, 19]. These differences in acquisition and data stand in the way of di-
rect application of Cryo-EM methods for particle fusion and for detecting heterogeneity
in the underlying dataset, such as the use of learning-based mixed-dimensional Gaussian
mixture models [20].

Detecting distinct heterogeneity in SMLM data can be performed using template-free
clustering approaches such as done by Huijben et. al [12]. Such methods, however, cannot
be used to identify continuous variations such as geometric shape parameters of the im-
aged macromolecular structure. Recently, a template-free continuous structural hetero-
geneity detection method has been proposed by us [21]. A key limitation of the method
is its computational complexity, which scales as N?, with N the number of particles. In
practice, the dataset size is therefore limited to a few hundred particles, which can be
analyzed in a few hours. In addition, the ability to detect multiple modes of variation
and non-geometrical modes of variation, such as the Degree Of Labeling (DOL) is limited.
Alternative approaches for detecting continuous structural heterogeneity include meth-
ods with varying requirements and limitations. For example, a proposed learning-based
method [22] is heavily dependent on manual annotation during the training phase. This
process is not only time-consuming, but is also prone to human error, and has poor scal-
ability for large datasets. Similarly, the statistical pattern recognition method ECLiPSE
[23] requires precise segmentation and a high signal-to-noise ratio to operate optimally,
which limits its effectiveness in scenarios with low DOL or complex environments. Loc-
MoFit [24], a model-based fitting technique, utilizes a parametric geometric model based
on prior knowledge, constraining its adaptability to cases where this prior knowledge is
available and reliable.

Here, we propose to overcome these limitations by applying a Variational Auto-Encoder
(VAE) to extract generative features from the SMLM dataset, and thereby identifying con-
tinuous modes of variation. The VAE [25] is a probabilistic generative model designed to



3.2. METHODS 37

map the input data, the SMLM point dataset, to a lower-dimensional latent space while
preserving the essential statistical properties of the data distribution. Unlike traditional
autoencoders that directly learn a deterministic encoding-decoding mapping, VAEs learn
a probabilistic mapping by encoding inputs into distributions over latent variables, cre-
ating a continuous and smooth latent space where similar data points are mapped to
nearby regions. This continuous nature of the latent representation enables interpola-
tion between different data points (and the generation of new samples). In the context
of SMLM data, the continuous latent space makes VAEs particularly suitable for charac-
terizing and detecting heterogeneous spatial distributions, as the continuous latent space
naturally captures the gradual variations in particle clustering patterns. Application of the
VAE neural network architecture directly to the point datasets of SMLM, rather than to
pixelated datasets, provides a major step to lower memory requirements and processing
speed. Moreover, it provides access to multiple modes of variation via the different latent
space dimensions, and is fully template free, minimizing the need for human interaction
and avoiding user bias.

In view of the specific application to point clouds, we will refer to the proposed method
as Point Cloud Variational Auto-Encoder (PC-VAE) in the following. We evaluated our PC-
VAE network on multiple experimental datasets with different numbers of particles and
structures, namely: Nuclear Pore Complex (NPC) data imaged in 2D and 3D with Stochas-
tical Optical Reconstruction Microscopy (STORM) [26], and DNA origami tetrahedrons
imaged in 3D with DNA Points Accumulation for Imaging in Nanoscale Topography (DNA-
PAINT) [27].

3.2. METHODS

3.2.1. POINT CLOUD VARIATIONAL AUTO-ENCODER FRAMEWORK (PC-VAE)

. The purpose of applying VAE to SMLM data is to learn a continuous latent representation
of the point cloud that captures the spatial heterogeneity inherent in the particles. The
training process leverages a mini-batch-based stochastic gradient descent (SGD) strategy:
In each iteration, a mini-batch of M particles is sampled, and the model computes the
loss per particle, which combines reconstruction accuracy and latent space regulariza-
tion. The loss, averaged across the M particles in the mini-batch, is used to update the
model parameters via backpropagation. The optimization process is conducted in mul-
tiple epochs, ensuring that the entire dataset is traversed multiple times. As a result, the
latent space induced by the trained encoder can effectively capture the spatial diversity
and heterogeneity across all particles in the dataset. After training, the model encodes
each particle into its respective latent representation, effectively capturing its spatial fea-
tures for downstream tasks of identifying the structural heterogeneity.

To illustrate the model’s functionality, we take a single particle with N localizations as
an example. Such a particle with N localizations is denoted as a matrix X = [xy,...,Xn] €
RY*P, with p = 2,3 the spatial dimension of the dataset. The VAE learns a latent repre-
sentation z in a lower-dimensional space R? (d < N) through an encoder network g (z|X)
and a decoder network pg(X|z), where ¢ and 0 are the learnable parameters of the en-
coder and decoder. The encoder maps the input X to a multivariate Gaussian distribution
in the latent space, which can be described by its mean vector u and standard deviation
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o, from which we use the reparameterization trick [25] to obtain the latent representa-
tion of X. The reparameterization trick is a technique for making the sampling process
differentiable, which is essential for training the VAE using backpropagation:

1o = fpX)
Z=[l+0 QFE,

(3.1

where f; is the forward operation of the encoder neural network, ® denotes the element-
wise product, and € ~ A(0,I). With the reparametrization trick, gradients can be com-
puted with respect to the encoder parameters ¢, enabling end-to-end training of the VAE
using backpropagation. The decoder network pg (X|z) aims to reconstruct the cloud of lo-
calization points from its latent sample representation. Given a latent vector z € RY, the
decoder learns to generate a matrix of spatial coordinates X = [&;,...,Xy] € RN*P that fol-
lows the original localizations.

To effectively encode and reconstruct the point cloud, we need to design a neural net-
work architecture that can handle the properties of point clouds, which can be consid-
ered as sets. The key property we need for processing point cloud data is permutation
invariance, as the ordering of points in a point cloud should not affect its representation.
Formally, for any permutation matrix P € {0, 1}V, it satisfies:

F5PX) = fX). (3.2)

This property is crucial for SMLM data since localizations are inherently orderless and
any meaningful feature extraction should be invariant to their input ordering. To achieve
this permutation invariance, we adopt a PointNet-based architecture [28] for our encoder
network, which processes each point cloud independently and then aggregates informa-
tion through symmetric operations. Specifically, in our implementation, we employ three
layers of shared-weight multilayer perceptrons (MLPs) with output dimensions of 64, 128,

and 1024 to transform each p-dimensional localization (coordinates) into a higher-dimensional

feature space. This transformation enables the network to capture more complex spa-
tial relationships within the point cloud. Each MLP layer is followed by batch normaliza-
tion (BN) and rectifier linear unit (ReLU) activation functions. The use of identical MLP
weights when processing each localization ensures that the output remains unchanged
regardless of how the input localizations are ordered. This architectural design directly en-
forces permutation invariance in point cloud processing. We further apply mean pooling
as the final symmetric aggregation function to get the latent representation vector. This
differs from the original PointNet architecture [28], which uses max pooling for classifica-
tion and segmentation tasks. Our choice of mean pooling is motivated by the generative
nature of our task. While max pooling selectively preserves the most prominent features
useful for discrimination tasks, mean pooling retains channel-wise average spatial infor-
mation for robust latent representation and reconstruction.

For the VAE, the dimensionality of the compressed representation needs manual se-
lection. This often involves a balance between capturing essential variability in the data
while maintaining computational efficiency and interpretability. Although there is no uni-
versally optimal number of latent dimensions, the choice is guided by empirical testing.
The criterion of dimensionality selection is to ensure that the model can effectively cap-
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ture key generative features without overfitting to noise or irrelevant details. Through it-
erative evaluation, it is possible to identify a latent space size that balances these factors,
enabling the model to capture the relevant modes of variation while avoiding redundancy
of latent dimensions. For our architecture, the number of latent dimension is empirically
selected to d = 8 based on this criterion.

Our proposed decoder network progressively reconstructs the coordinates through a
series of expanding transformations. The network first expands the latent vector through
fully connected MLPs (256, 512, and 1024 neurons) with hyperbolic tangent (Tanh) acti-
vations and batch normalization. We choose the Tanh activations in the decoder since its
bounded output range (-1 to 1) naturally suits the generation of normalized point coordi-
nates during reconstruction. A skip connection is used at the 1024 neuron layer for direct
information flow. The skip connection allows information to bypass intermediate layers
and flow directly from an earlier layer to a later one for stable backpropagation during
training [29]. The network then applies two 1024 channel localized feature transforma-
tions through 1D convolutions, followed by a 4-headed self-attention [30] that captures
global dependencies between different regions of the point cloud. Finally, the network
outputs the spatial coordinates of the reconstructed particles. This architecture enables
the decoder to reconstruct both the overall structure and the local density variations char-
acteristic of the SMLM data. An overview of the pipeline is shown in Figure 3.1.

3.2.2. LOSS FUNCTION
. The loss function of our proposed method consists of two components that balance
reconstruction quality and latent space regularization:

Zriotal = Zrecon + BZLx1D, (3.3)

where € R* is the balancing coefficient. To avoid dependence on the ordering of local-
izations, we measure the quality of the reconstruction using the symmetric Chamfer dis-
tance (CD) [31]. The Chamfer distance computes the average minimum distance between
points in two sets:

1

. o2 . o2

Lrecon = — g min [x—X|5+ E min|x—X|5 |. (3.4)
xeX XeX 2ex XX

We follow the ordinary use of the Kullback-Leibler divergence (KLD) to regularize the la-
tent space to follow the d-dimensional Gaussian distribution which has a closed form:

1 d
ZLxap = Dra(qy @X]14 ©0,D) = Y (W +07-loglo) -1). (3.5)
i=1

The loss function is computed for each particle in a sampled mini-batch and then aver-
aged over all particles in the mini-batch.

3.2.3. TRAINING DETAILS
. We implemented all our network-related codes with PyTorch 2.0 [32] on a workstation
with an NVIDIA RTX A40 GPU and an Intel Xeon (3.4 GHz, 4 cores) CPU. We conducted
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Figure 3.1: An overview of the proposed PC-VAE framework. For the sake of simplicity, we
show the processing steps for a single particle only. The loss function is computed by av-
eraging over a mini-batch of M sampled particles. In the encoder, each input localization
point is transformed independently through three parallel MLP blocks to higher dimen-
sions. These MLP blocks are applied to each localization individually, meaning that every
localization undergoes the same transformation regardless of its position in the sequence.
The resulting features are pooled to generate a global particle representation, which is then
passed through two separate multi-layer MLPs to produce Gaussian latent variables. The
encoder is designed to be invariant to the order of the input points. In the decoder, samples
drawn from the Gaussian distribution are transformed to match the shape of the input lo-
calizations. In the figure, Skip denotes the skip connection, and Multi-head Att. denotes the
multi-head attention mechanism. The reconstruction loss function also ensures that the
order of the reconstructed points is irrelevant, maintaining the framework’s robustness to
input permutations.



3.2. METHODS 41

in-house ablation experiments via grid search to determine the hyperparameters for the
best model performance and generalization capabilities in our settings. For the results
presented here, we used a mini-batch scheme with a batch size of M = 8. Next, we use
the Adam [33] optimizer with an initial learning rate of 10~* and a weight decay of 107,
Although VAE is known for its ability to capture the representation of the underlying data,
it is also known to be difficult to train with a fixed value of [34]. Thus, we used a Sigmoid
warm-up of the KLD in the first 5000 optimization steps. The stochastic nature of the VAE
training, facilitated by the reparameterization trick, ensures that the learning process ef-
fectively captures the underlying data distribution.

3.2.4. BINNING AND VISUALIZATION

. To visualize the modes of variations, we ordered the input particles based on each latent
unit. This results in 8 different orderings of the particles. The ordered particles are then
binned in 20 bins of equal particle number. Next, the particles in each bin are registered
together, resulting in a so-called super particle per bin. Then we register the 20 super
particles with respect to each other and generate reconstructions per bin for each latent
unit. For registration of each point cloud we employed the fast particle fusion approach of
Wang et al.[9]. Each super particle then represents a specific state or shape of the particles,
ordered according to the bin number.

3.2.5. DATA DESCRIPTION.

Our proposed algorithm works on datasets consisting of point clouds (x, y, and depending
on the data also, z coordinates) derived from SMLM experiments. By segmenting particles
from the field of view, a dataset is formed. These datasets typically have a few hundred to a
few thousand particles where each particle has typically on the order of hundred localiza-
tions. The dimensionality can be 2D or 3D depending on the image acquisition. Here we
use 2D and 3D datasets [21, 35] of Nuclear Pore Complexes (NPCS ), and a DNA origami
tetrahedron dataset[21], with in total 1,399, 3,810 and 218 particles, respectively.

3.2.6. MODEL BASED PARAMETER ESTIMATION

. In order to verify our PC-VAE approach we need to compare the latent space order-
ing with independent estimates for the different parameters such as height and radius.
As these parameters are not known for experimental data we employ a model based ap-
proach described here. For the experimental 2D NPC dataset, we estimate the radius as
follows. All particles are centered by subtracting the mean localization from all localiza-
tions of a particle, as described in Heydarian et al. [36]. The localization coordinates are
then transformed into polar coordinates, and the mean of the radial coordinate is taken
as the estimated NPC radius.

For the experimental 3D DNA-origami tetrahedron dataset, we compare the latent
space coordinate to the estimated height of the tetrahedron structure. Particles are pro-
jected onto the z-axis to generate a histogram of z-coordinates. This histogram exhibits
two peaks, corresponding to the three binding sites at the base plate of the tetrahedron
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and the top of the tetrahedron, respectively. A mixture of two Gaussian distributions is
fitted to this histogram, and the height is calculated as the difference between the means
of the two fitted Gaussian distributions.

For the 3D NPC dataset, we detect both the radius and height of the structure. To
estimate the radius, the particles are centered as in the 2D case, and the median of the
radial coordinate in polar space is used. To determine the height, all localizations are
projected onto the z-axis. By analyzing the z-coordinate histogram, height is estimated as
the difference between the median of projected points above and below the central plane
defined by the mean of all particles.

To evaluate the precision of each parameter estimate, we calculate the full width at
half maximum (FWHM) of the respective histogram and divide it by the square root of the
number of localizations to determine the standard error of the mean.

3.3. RESULTS

We applied our proposed PC-VAE method on the above mentioned three experimental
datasets and measured different modes of variation. Validation of these template-free
modes of variation can only be performed by eye or by an independent model. We there-
fore show and analyze the super particles obtained from registered particles in each bin
for all latent dimensions.

3.3.1. 2D NPC DATASET

. This dataset consists of 1,399 particles, with a continuous distribution of ring radii with
a mean around 55 nm, and on average 155 localizations per particle. Since each latent
space is organized based on the generative features of the data, particles within each bin
are considered homogeneous with respect to the generative feature to which the latent
space is most sensitive. In Figure 3.2 we show super particles for bin number 1, 5, 10, 15
and 20, respectively, in all 8 latent dimensions. This figure shows that latent space number
7 has the clearest correlation with the radius. Other latent dimensions also carry informa-
tion about the radius as will be explained in the discussion section. A variation of around
25 nm in radius is detected by the PC-VAE (see Figure 3.3), similar to our earlier contin-
uous heterogeneity detection (CHD) method[21], applied to the same data, but resolves
this range into twice as many bins. This is achieved because the bins are more homoge-
neous, allowing for a finer detection compared to the multi dimensional scaling (MDS)
based approach.

3.3.2. 3D TETRAHEDRON DATASET

. This dataset consists of 218 particles with 4 binding site per structure. The average num-
ber of localizations per particle is 5,188, giving over a 1,000 localizations per binding site,
which is typical for PAINT imaging. Figure 3.4 shows super particles per bin of just 11 par-
ticles (20 bins in total, 20th bin has 9 particles) ordered along the 8 latent dimensions. We
manually selected latent dimension 2 for analyzing the relation of this latent dimension to
tetrahedron height (see Figure 3.5). The PC-VAE framework is able to detect continuous
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Figure 3.2: Reconstructions ordered along all latent dimensions for the 2D-NPC dataset.
Super-particles reconstructed by registration of particles in 20 bins for all 8 latent space
dimensions. For the purpose of concise illustration we only show bins 1, 5, 10, 15 and 20.
The reconstructions for latent dimension 7 shows continuous heterogeneity in the radius of
the NPC ring. The scale bar applies to all images.
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Figure 3.3: Detected radius variation in the 2D-NPC dataset. Super particles for all 20 bins
ordered along latent dimension 7, with estimated radius, ranging from 63.6 nm to 49.9 nm.

The uncertainty of the radius estimation is 0.2 nm for all bins. The scale bar applies to all
images.
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changes in height in 20 bins ranging from 42.4 nm to 107.3 nm. The variation of height in
this dataset was initially reported in three distinct classes (45 nm, 65 nm, 95 nm) by Hui-
jben et al.[12]. Later, the height variation in this dataset was analyzed by us with CHD[21]
in ten bins from 60 nm to 107 nm. Similar to the 2D-NPC dataset, the resolving power
along the chosen latent dimension for the structural parameter is better for PC-VAE than
for CHD.

Binl1 Bin5 Bin 10 Bin 15 Bin 20
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Latent 6

Latent 7

Latent 8

Figure 3.4: Reconstructions ordered along all latent dimensions of the 3D tetrahedron
dataset. Super-particles reconstructed by registration of particles in 20 bins for all 8 latent
space dimensions. For the purpose of concise illustration we only show bins 1, 5, 10, 15 and
20. The reconstructions for latent dimension 2 shows continuous heterogeneity in the height
of the tetrahedrons. The scale bar applies to all images.
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Figure 3.5: Detected height variation in the 3D tetrahedron dataset. Super particles for all
20 bins ordered along latent dimension 2, with estimated heights, ranging from 42.4 nm to
107.3 nm. The average model estimation precision is around 0.1 nm for all bins. The scale
bar applies to all images.

3.3.3.3D NPC DATASET.

This dataset consists of 3,810 cylindrically shaped 3D NPC structures imaged with 3D
STORM. Each structure has 32 binding sites in two rings and the average number of lo-
calizations per particle is around 80. Recently, this dataset was analyzed by Wang et al.
[35] and compared against an electron microscopy derived representation. This study
revealed that the distance between the two rings of the NPC is approximately 48.5 nm,
with each ring having a radius of around 55 nm. While variations in radius are expected,
they have not been directly measured with light microscopy. Additionally, a 5 nm height
difference has been observed between in situ NPCs in HeLa and HEK cells, which could
correspond to distinct functional states, such as dilation of the inner ring [37, 38]. Our
recent CHD approach(21] is not well-suited for such large datasets, in view of the scaling
of the computational complexity with the square of the number of particles. Furthermore,
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the CHD method struggles with datasets that have a low Degree Of Labeling (DOL), par-
ticularly when dealing with complex datasets that include multiple modes of variation. As
aresult, it failed to identify continuous structural heterogeneity in this dataset.

Figure 3.6 shows the reconstructed super particles for all latent dimensions, indicating
both radius and height variations in latent dimensions 4 and 8. In Figure 3.7 and Figure 3.8
we show the reconstructions for all 20 bins ordered along those latent dimensions, along
with the estimated radius and height. This results in detected continuous heterogeneity
in the radius ranging from 51.9 nm to 56.7 nm and a height variation ranging from 43.7 nm
to 51.7 nm.

Latent 1

Latent 2

Latent 3

Latent 4

Latent 5

Latent 6

Latent 7

Latent 8

Figure 3.6: Reconstructions ordered along all latent dimensions of the 3D-NPC dataset.
Super-particles reconstructed by registration of particles in 20 bins for all 8 latent space
dimensions. For the purpose of concise illustration we only show bins 1, 5, 10, 15 and 20.
The reconstructions for latent dimension 4 shows continuous heterogeneity in the radius of
the NPCs, latent dimension 8 in the height of the NPCs. The scale bar applies to all images.
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Figure 3.7: Detected height variation in the 3D NPC dataset. Super particles for all 20 bins
ordered along latent dimension 8, with estimated heights, ranging from from 43.7 nm to
51.7 nm. The average model estimation precision is around 0.3 nm for all bins. The scale
bar applies to all images.
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Figure 3.8: Detected radius variation in the 3D NPC dataset. Super particles for all 20
bins ordered along latent dimension 4, with estimated radii, ranging from from 51.9 nm to
56.7 nm. The average model estimation precision is around 0.2 nm for all bins. The scale
bar applies to all images.




3. DETECTING CONTINUOUS STRUCTURAL HETEROGENEITY IN SMLM DATA WITH A
50 POINT CLOUD VARIATIONAL AUTO-ENCODER

3.4. DISCUSSION AND OUTLOOK

VAEs are commonly used for (lossy) compression of data while remaining the most im-
portant data structural components. This happens mainly by detecting the generative
features or the most important information to reproduce the data. By mapping the input
data into a latent space, VAEs aim to capture the underlying structure in a compressed
representation. In this study, we have developed a VAE based on point clouds to capture
the low-dimensional representations of SMLM data, with the goal of identifying the inher-
ent continuous structural variations. Our PC-VAE method demonstrates major improve-
ments in computational efficiency compared to the MDS-based CHD approach [21]. First
of all, the computational time scales linearly with the number of particles, as opposed to
the quadratic scaling of computing the pairwise distance metric in the CHD approach.
Second, the PC-VAE method works directly on lists of localizations, which does not lead
to significant differences in computational time for 2D and 3D cases. Third, the learning
phase of the algorithm converges very quickly, only 4 epochs turned out to be necessary
for the cases that were considered. The resulting computing times are very short indeed.
The 2D NPC dataset with 1,399 particles takes 24 seconds per epoch, the 3D tetrahedron
dataset with 218 particles takes 13 seconds per epoch, and the 3D NPC dataset with 3,810
particles takes 279 seconds per epoch. This results in typical computing times on the order
of a few minutes. Even with this effort, the CHD method was not able to detect height and
radius variations because of the lack of sensitivity of the cost function to complex struc-
tures such as the NPC in 3D. The dramatic reduction in processing time of PC-VAE proves
feasibility of scaling to larger datasets without sacrificing performance.

Regarding the disentanglement of different modes of variation, it turns out that the
majority of the latent dimensions is correlated with some mode of variation that is present
in the data. This makes isolating distinct factors of variation challenging, as the latent
space does not naturally separate them into independent components. In Figure 3.9 the
correlation between each latent space and 3 different modes of variation (radius, height,
number of localizations) is plotted for the 3D NPC dataset. Here we used the number of
localizations as a rough estimate of the DOL. The first plot indicates that, while many of
the latent dimensions are correlated with the change in radius, some exhibit an increasing
trend, while others show a decreasing behavior. In particular, in latent dimension number
4, the radius variation is clearly observed. Similarly, the second plot shows increasing and
decreasing dependence of height on the latent dimension coordinate for different latent
dimensions, and latent dimension 8 showing the most clear trend in the height for each
bin. The third plot shows a clear trend with the number of localizations especially for la-
tent dimension 8. The impact of a low and high degree of labeling can also be observed in
figure 3.7. Approaches such as the total correlation variational auto encoder (TC-VAE)[39]
, which aims to reduce dependencies between latent variables, could be explored to im-
prove the disentanglement of different modes of variation, allowing for more interpretable
and controllable latent representations.

The designed PC-VAE can also be adapted to incorporate localization uncertainty, by
modifying the Chamfer cost function to account for uncertainties, and so designing a new
model that integrates these variations. However, the design and potential convergence of
such a model would also need to be carefully considered, as the introduction of uncer-
tainties could affect the stability and efficiency of training. By accounting for potential
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Figure 3.9: Detected heterogeneity parameters along all latent dimensions for the 3D
NPC dataset. This figure illustrates the correlation between each latent dimension and
three modes of variations: (a) radius, (b) height, and (c) number of localizations. The leg-
end applies to all panels.

variations in the data, this approach could offer a more reliable representation by balanc-
ing the competing demands of reconstruction accuracy and latent space heterogeneity.
Finally, we foresee that PC-VAE can be adapted for a variety of other applications within
SMLM, such as image registration and particle tracking, as it is a machine learning ap-
proach specifically tailored for SMLM data.
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4.1. INTRODUCTION

Cryogenic-sample Electron Microscopy (cryo-EM) has become a fast-growing method for
the determination of the three-dimensional (3D) structure of biological macromolecules
at resolutions that make atomic interpretation possible, i.e. 3 Angstréms or better [1, 2].
The sample may consist of purified flash-frozen molecules in a thin layer of amorphous
ice in random orientations. The 3D reconstruction of a particle’s electrostatic potential de-
pends on the averaging of many hundreds to hundreds of thousands of individual 2D pro-
jection images of copies of the macromolecule of interest. This method is called Single-
Particle Averaging (SPA). If the relative orientations of all particles are known, the 3D elec-
trostatic potential map of the structure can be assembled from the 2D projection images
according to the Fourier slice theorem. Typically, these relative orientations are not known
in advance and need to be estimated. Most popular software packages for SPA treat this
inverse problem as Bayesian and employ maximum-likelihood algorithms to estimate the
relative orientations of the particles and the electrostatic potential[3-6].

Averaging over particles inherently means averaging over different conformational or
compositional states of the molecule of interest. Many proteins are conformationally het-
erogeneous, with conformational changes often being related to the protein’s function. A
single 3D volume only depicts the ensemble average of all conformational states of par-
ticles in the data , and is called the consensus map. Not much is known about the effect
of rapid cooling on the conformational landscape accessible to proteins, but recent work
suggests that the cooling rate in Cryo-EM is fast enough to preserve most of the native
conformation landscape(7].

Maximum-likelihood approaches to 3D reconstruction are able to reconstruct differ-
ent conformational states of a protein by also estimating a 3D class assignment along with
relative particle orientations[8]. This makes the algorithm computationally more costly
and limited to a small number of discrete 3D classes. Conformational heterogeneity can
reduce the resolution of 3D electrostatic potential as it makes perfect alignment between
particles using only affine transformations impossible. Particularly in flexible regions of
the protein, this causes blurring of the reconstructed volume. For this reason the dataset
is often filtered to remove as much of the heterogeneity as possible, potentially discarding
a large amount of useful information.

A more recent development is formed by a series of methods that instead map confor-
mational heterogeneity onto a continuous manifold[9], often using machine learning[10].
In Frank and Ourmazd’s manifold embedding method|[9], alilgned projection particles in
a single projection direction are mapped to a low-dimensional manifold using Principal
Component Analysis (PCA) of the particle images. Zhong et al. proposed the use of a neu-
ral network[10] to accomplish a similar mapping to a low-dimensional latent space that
learns to encode for the conformational state of each particle. This latent space can then
be sampled and used to generate the 3D reconstruction of the protein from a secondary
decoder network. Almost all variations of this idea follow the framework of a variational
auto-encoder. Examples of programs implementing a manifold learning method include
CryoDRGN]11], 3DFlex[12] and DynaMight[13].

Similarly to Frank and Ourmazd we propose to create an embedding of 2D projection
particles onto a low-dimensional manifold. Our approach compares projection images in
a single projection direction (or in practice a small cone around a single projection direc-
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tion) by means of a simple cost function. This results in N(V — 1)/2 similarity measure-
ments per projection direction, which can then be embedded in a low-dimensional man-
ifold using Multi-Dimensional Scaling (MDS) as was previously done for Single-Molecule
Localization Microscopy (SMLM) data [14]. An important prerequisite for this approach
is that the largest source of dissimilarity between particles stems from conformational or
compositional differences rather than differences in orientation, defocus or other non-
structural factors. Subsequently, these MDS embeddings are integrated across all orien-
tations to identify the continuous states of the imaged structure in 3D. Using this frame-
work, we can also generate 3D reconstructions that capture the continuous heterogeneity
of structural states.

Particle fusion under the homogeneity assumption is a common practice in SMLM
and different approaches have been developed for this purpose[15-18]. Methods for con-
tinuous structural heterogenity detection, however, are but recently developed[14, 19].
The currently proposed method has been applied in SMLM to detect continuous struc-
tural heterogeneity in localization data, but it has not yet been applied to Cryo-EM data to
the best of our knowledge. A fundamental difference between SMLM and Cryo-EM data
is that in SMLM comparisons between particles are made based on the localisation point
clouds, whereas for Cryo-EM data this needs to be done on pixelised images. As a result,
(dis)similarity measures such as the Bhattacharya distance[20] cannot be used directly.
Furthermore, subtle and complicating factors for the approach in SMLM such as low de-
gree of labeling and limited photon count of emitters do not appear in Cryo-EM, where
rather factors like defocus, unknonwn viewing direction and radiation damage compli-
cate the analysis. For these reasons direct application of SMLM methods, even for a single
orientation class, is not possible.

In the remainder of this chapter, we will first discuss the proposed continuous het-
erogeneity detection algorithm and then apply the algorithm to two synthetic datasets of
the SARS-CoV-2 spike glycoprotein. As a first dataset we study a toy problem with much
better signal-to-noise ratio than one should typically expect for experimental images and
with no variation in defocus. The second dataset will be simulated with more realistic
imaging parameters, specifically incorporating radiation damage.

4.2. METHODS

The proposed pipeline presented in Figure4.1 begins the segmentation of different orien-
tation classes and the alignment of particles in each orientation class. Each orientation
class is analyzed separately, where pairwise image comparisons are used to build dis-
similarity matrices. These matrices are embedded into a high-dimensional space using
Multi-Dimensional Scaling (MDS), and the first principal component of each embedding
is extracted to represent a 1D latent space that is hypothesized to capture the continuous
heterogeneity. Since the polarity of the latent space dimension is in principle arbitrarily
defined an automated polarity matching algorithm is applied. Next, each latent space is
binned into intervals, and 3D reconstructions are performed per bin to visualize structural
transitions across the dataset.
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Figure 4.1: Schematic of the proposed pipeline. First, particles are aligned and separated
into subsets based on their relative orientation estimated during consensus reconstruction.
A) Shows example orientation subset averages. B) Shows the all-to-all pairwise comparison
matrix, which is used for MDS embedding. C) Shows scatter plots of the first 3 dimensions of
MDS space, where particles are color-coded from blue to red to represent progression along
the ground-truth motion. D) Shows the final combined 1D latent space’s polarity which
shows if the heterogeneity is from high to low or vice-versa. E) Depicts the binned polarity
matched latent space along with 3D reconstructions per bin.
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4.2.1. IMAGE SIMULATION

Synthetic datasets with inherent conformational heterogeneity are generated using the
Cryo-EM simulation software Roodmus[21]. Conformational heterogeneity is created by
performing a steered molecular dynamics simulation in openMM version 8.0.0 [22] that
interpolates between the closed (pdb id 6xm5) and partially open (pdb id 6xm4) states of
the SARS-CoV-2 glycoprotein. Harmonic restraints centred at the target state are used to
drive the conformational change with a force constant of 1 kJ/mol/nm?.

For the first dataset the steered MD simulation ran for 300 ps with a time step of
dt =2{fsand a frame is saved every 1 ps. The trajectory is downsampled to 20 equispaced
conformations. A total of 500 Cryo-EM micrographs with 300 particles each are simulated
from these 20 conformations using Roodmus. The imaging parameters used are as fol-
lows: 1 A pixel size, 45 e/A? fluence, 300 kV acceleration potential, -0.5 um defocus, and
no radiation damage. The same defocus value is used for all micrographs.

For the second dataset the steered MD simulation ran for 3000 ps to create a smoother
trajectory with a time step of d¢ = 2 fs and a frame is saved every 5 ps. A total of 900
Cryo-EM micrographs with 300 particles each are simulated from the MD trajectory with
600 conformations. The imaging parameters are 1 A pixel size, 45 e/A? fluence, 300 kV
acceleration potential, defocus -2.0 pm with a standard deviation of 0.5 um. Radiation
damage is also enabled with a radiation sensitivity coefficient of 0.022 A%/e and as a result
micrographs are generated as a 40-frame movie, which about matches the experimental
conditions for the frame rate of the camera.

4.2.2. IMAGE PROCESSING IN RELION

All image processing was done in RELION version 5.0-beta-3-commit-12cf15 [23]. Mi-
crographs are imported, or multi-frame movies are imported and motion-corrected using
RELION’s implementation of the MotionCorr algorithm. CTF estimation is done using
ctffind 4.1.14 [24]. The full processing workflow for the dataset with radiation damage is
described in Figure 4.2.

4.,2.3. ASSIGNING ORIENTATION CLASS

Particles are first aligned and CTF-corrected using the ‘relion_ctf_toolbox‘ utility in RE-
LION. Relative particle orientations in RELION are stored as Euler angles in the ZYZ intrin-
sic axis convention with angles labeled rlnAngleRot, rinAngleTilt and rlnAnglePsi. Parti-
cles with similar Rot and Tilt angles are projected along the same axis and only differ by an
in-plane rotation around the projection axis by the Psi angle. As a result, such projection
images can be compared directly. Tilt and Rotation angles are separated into 36 evenly
spaced bins and particles are assigned to a single bin based on their relative orientation.

4.2.4. PAIRWISE-DISTANCE MATRIX

The continuous structural heterogeneity of each 2D orientation class is independently de-
tected using pairwise comparisons between all pairs of particles. To compare the 2D im-
ages, we started with cropping. Particles are first aligned and centered using RELION soft-
ware. By averaging and visualization of the image stacks per orientation, a cropping box
is manually selected to ensure that, for all orientation classes, only the background is re-
moved. This operation reduces the pairwise comparison area from 256AU256 to 175AU175
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Figure 4.2: Overview of image processing in RELION. Synthetic data created with Roodmus
can be processed in the same manner as experimental data. Motion correction and CTF esti-
mation were performed, followed by particle picking and immediate Initial Model building.
To reduce noise in the dataset coming from potential bad particle picks, ground-truth posi-
tions of particles were used for 3D refinement.

pixels while the signal is preserved. For the comparison of two images, we selected the
Mean Square Error (MSE) as the dissimilarity measure. We evaluated several dissimilar-
ity measures, including peak signal-to-noise ratio (PSNR) and structural similarity index
measure (SSIM). When analyzing the normalized histograms of pairwise similarity values,
MSE showed a wider distribution, indicating better sensitivity to variations. This charac-
teristic along with low computational cost made MSE the most suitable measure for our
analysis. Since MSE is sensitive to pixel intensities, the presence of misalignment com-
monly occurring during image registration can cause MSE to pick up these misalignments
and can potentially dominate the continuous heterogeneity. To address this, we minimize
the MSE between each image pair by applying a number (125) of affine transformations
to one of the images. The typical error made by registration software is around 2 degrees
and 2 pixel shifts (pixel size 1 A). Therefore, we opted to shift images in both the x and y
directions by -2, -1, 0, 1, 2 pixels and rotate images by -2, -1, 0, 1, 2 degrees for a total of 125
transformations. In principle, more transformations could be considered, but we expect
that a further increase in number of shifts and rotations would not significantly improve
the result and would rather make the algorithm too computationally expensive. This pro-
cess results in an N x N upper triangular matrix containing relative information about the
N images within a single orientation class.

4.2.5. MDS EMBEDDING

The found dissimilarity values are then embedded into an abstract high-dimensional Carte-
sian space using MDS [25]. For this purpose, we select the number of dimensions as a



4.2. METHODS 61

rule of thumb to 30, a choice also adopted in prior studies [18, 26]. Each particle in the
orientation class is assigned one specific point in the MDS space, which is placed based
on its dissimilarity with respect to all other particles. In the presence of continuous het-
erogeneity, these points of particles are ordered accordingly, and the (high-dimensional)
manifold formed by these points carries information about the continuous structural het-
erogeneity. In our simulation study, where the dominant mode of variation is continuous
heterogeneity, applying PCA to the MDS space reveals that the variance explained by the
first principal component (PC) axis is the highest. It is expected that the first PC axis is
sensitive to continuous structural heterogeneity. Next, we project the high-dimensional
manifold onto the first PC axis, resulting in a 1D latent space for each orientation class,
with expected ordering based on the continuous structural heterogeneity. This procedure
is repeated for all orientation classes, resulting in a 1D latent space for each class.

4.2.6. POLARITY MATCHING

Since the MDS space is abstract and shaped directly from the dissimilarity matrix infor-
mation, the 1D latent space for different orientation classes has in principle arbitrary po-
larities. It is therefore necessary to match the polarities and obtain an ordered hetero-
genity along the continuous motion parameter. For a 36-by-36 grid of orientation classes,
manual polarity matching would not be an option. Therefore, we employed an automatic
approach consisting of four steps: First, we order all particles in each orientation class
based on the 1D latent space. Second, for each orientation class, we create two particle
stacks that fall into the first and last quantiles of the respective latent space, resulting in
two stacks for each orientation class. Third, we form two score matrices comparing neigh-
boring classes in the horizontal and vertical directions of the orientation class grid. Scores
are calculated by pairwise comparison of the images in two particle stacks. This is per-
formed by computing the average MSE values of the two particle stacks between adjacent
neighbors as explained in Figure 4.3. This process determines whether two orientation
classes have matching orientations. Furthermore, we take the average MSE value as a con-
fidence criterion, indicating how reliable the assignment of relative polarity for adjacent
orientation classes is. Finally, we maximize the number of matched polarities by itera-
tively flipping the polarity for the different orientation classes in the grid. In each iteration
starting from the top left to the bottom right, the latent space of an orientation class is
flipped, and the total matching score is obtained by summing all pairwise polarity match-
ing scores both vertically and horizontally. If the score increases, the flip is retained. If
the score decreases, the flip is not accepted and the latent space is returned to its original
polarity. Through successive iterations, the matching score improves, eventually aligning
the latent space polarities.

4,2,7. LATENT SPACE BINNING AND RECONSTRUCTION

Each polarity-matched latent space is divided into three bins, where the 2D images in each
bin are considered to be homogeneous and represent a specific state of the protein. This
results in three sets of 36-by-36 orientation class grids. Next, for each grid of orientation
classes, we perform a 3D reconstruction using the RELION|[23] software. Reconstruction
results for 10 bins have also been made, and appear in the appendix.
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Figure 4.3: Comparing particle stack subsets between neighboring orientation classes
for polarity matching. A) Each latent space is arranged based on the conformation of the
orientation class. However, since the MDS space is an abstract Cartesian space formed iter-
atively, the polarity of the latent space is in principle arbitrary. To assess polarity matching,
the average mean squared error is computed for all pairs of the four subsets. A positive
value indicates matching polarity, while a negative value suggests a mismatch. The abso-
lute value serves as a confidence measure. B) The top-left panel shows the initial calculation
of the binary matching metric for neighboring classes in the vertical and horizontal direc-
tion of the orientation class grid. C) The latent space is flipped, and the matching score is
calculated. If the score improves, the flip is retained; otherwise, it is reverted. Iterations con-
tinue to align the polarities.

4.3. RESULTS

To demonstrate the feasibility of the continuous heterogeneity detection method we first
applied it to a high-quality synthetic dataset of the SARS-CoV-2 spike glycoprotein. In this
dataset we limited the conformational heterogeneity to 20 distinct states sampled from a
200 ps steered molecular dynamics trajectory. We simulated 500 micrographs containing
atotal of 150,000 particles. Further details on the simulation are presented in the methods
section.

The first step in the algorithm, as described earlier, is to assign all particles to orienta-
tion classes. In Figure 4.5A we show the consensus 3D reconstruction of all 150,000 par-
ticles with relative orientations estimated by RELION. The global resolution of the map is
2.42 A, although the measurement of resolution can be compromised by the CTF oscilla-
tions if all particles have the same defocus. We also determined the B-factor to be 29.8 A
by means of a ResLog plot, which is comparable to previous simulated datasets with con-
formational heterogeneity [21] Figure 4.5B shows the orientation distribution of the parti-
cles as a histogram on a sphere as well as projected to a 2D grid. Seemingly the estimated
orientation distribution does not match the ground-truth uniform distribution of orien-
tations. In order to test the difference between orientation distributions we transformed
both the ground-truth and estimated Euler angles to rotation matrices and computed the
Wasserstein distance on an element wise basis between their distributions. This distance
turned out to be 0.003, from which it can be concluded that the distributions are in fact
equivalent. We conclude that the peak in the estimated orientations is caused by the fact
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Figure 4.4: Polarity matching result. A) Initial polarity of the 1D latent space for first simu-
lated dataset based on PCI. B) Iterative update of polarity matching score. C) Final polarity
matching result.D) Initial polarity of the 1D latent space for second simulated dataset based
on PC4. E) Iterative update of polarity matching score of the second simulated dataset. F)
Final polarity matching result of second simulated dataset.

that there is no one-to-one mapping of orientations in SO(3) to Euler angles. In fact the
visualization of Figure 4.5B is not appropriate. The non-uniqueness of the mapping be-
tween the Euler-angles and orientation in SO(3) is the phenomenon of gimbal lock, where
the second Euler angle is close to 0, and the first and third rotations are around the same
axis, and cannot be well separated. During simulation, a uniform distribution over SO(3)
is created by uniformly sampling a point on a sphere to act as rotation vector, and then
sampling a rotation angle uniformly between 0 and 2. We subsequently split the par-
ticles into 36 orientation classes based on their Euler angles. Example orientation class
averages of bins highlighted in Figure 4.5B are shown in Figure 4.5C.

A few examples of the first three dimensions of this MDS space for different orienta-
tion classes are shown in Figure 4.6. Each point in the scatter plots represents a single
projection image, coloured to reflect the ground-truth conformational state of the pro-
tein, indexed between 0 and 19. Below each scatter plot the one-dimensional projection
of the MDS space on the first Principal Component (PC) is shown. In nearly all exam-
ple orientations an organisation of the particles can be observed that corresponds to the
conformational change of the particle in chronological order. It can also be seen that the
polarity of these 1D projections is arbitrary. The next step in the algorithm is therefore to
align the polarity of each projected MDS space in order to create a unified representation
of the heterogeneity in the dataset from all orientation classes. In Figure 4.4(A-C) the po-
larity matching result is shown. For the first simulated dataset polarity matching resulted
in 93% of all particles to be in a latent space with matched polarity.

After polarity alignment, the 1-dimensional MDS representation can be used for clus-
tering, or for splitting the particles in the dataset across discrete conformational classes.
Figure 4.7A shows splitting the total number of particles into three conformational sub-
sets based on their latent representation. The total number of particles in each subset
was kept the same. Density maps reconstructed from each subset show the different con-
formational states of the protein. Figure 4.7B shows the distribution of the aligned MDS
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Figure 4.5: A) Consensus reconstruction of the conformationally heterogeneous dataset.
FSC[27] plot shows a global resolution of 2.42 A. From the ResLog plot we calculated a B-
factor of 29.8 A% B) Orientation distribution shown as a histogram on a sphere with larger
peaks corresponding to more particles in that orientation. The same distribution is also
shown in a projected heatmap. Each pixel in the heatmap corresponds to different orienta-
tion class. C) Example particle averages taken along a single row of orientation classes.

embedding versus the ground-truth index of the conformational state of the molecule.
It shows that splitting the MDS space into three subsets also partitions the ground-truth
conformations, with especially class 1 and 3 corresponding to mostly non-overlapping
conformations, while class 2 includes more particles from the entire range of conforma-
tional states. In Figure 4.7C we show 2D averages of particles in the same orientation class
after splitting into the three conformational subsets. In directions where the Receptor
Binding Domain (RBD) is clearly visible the different positions of this domain can be seen
even in 2D. Figure 4.7D shows a correlation heatmap comparing the 3D reconstructions
of the three conformational subsets to the 20 ground-truth conformational states of the
particle. Class 1 correlates more strongly with the closed state of the protein, class 3 with
the open state and class 2 lies in between.
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Figure 4.6: Multi-dimensional scaling space for each orientation class for the first
dataset. This plot illustrates the MDS space for orientation classes from 21 to 25 for ro-
tation and 14 to 18 for tilt orientation classes, where each tilt or rotation orientation class
spans 10 degrees. The 1D latent spaces for all classes are formed by projecting the MDS data
onto the first Principal Component (PC) axis and are plotted below each MDS space.
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Figure 4.7: A Resulting density maps from each conformation class of particles obtained by
binning the polarity matched MDS spaces. Each class results in a distinct conformation of
the protein, mainly distinguished by the position of the RBD. B Distribution of the polarity
matched MDS space versus the ground-truth conformation index. Different conformation
classes based on MDS coordinates are shown in different colours and show that the organ-
isation follows the ground-truth conformations. C Example of averaged particles from one
orientation class, separated into conformation classes based on the MDS embedding. The
arrow points to the RBD and shows the difference in conformations is detectable in 2D pro-
jection. D Heatmap of the real-space map-to-model correlation between each of the three
conformation classes and the 20 atomic models that represent the ground-truth conforma-
tions of the protein.

While the method worked well on the initial simulated dataset, it did not perform well
on the lower quality dataset in which radiation damage and variation in defocus was taken
into account which is shown in Figure 4.10. We found that in this case the first PC axis of
the MDS space was no longer informative of the conformational difference between par-
ticles. Instead, the fourth PC seemed to reflect these conformational differences better.
This indicates that the method of pairwise comparison we opted for may be too sensitive
to other forms of heterogeneity between particles, such as lower signal to noise ratio re-
sulting from defocus or misalignment of particles in each orientation class. In Figure 4.9
the dimensions 3 to 5 of the MDS space are plotted along with the fourth PC axis as latent
space. This projection of MDS space has a more spherical structure compared to the pre-
vious dataset. As a result, the dominant mode of variation represented by MDS space is
not the sought-after conformational heterogeneity. The detection of the PC axis that car-
ries the most information about the structural heterogeneity can therefore not be simply
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Figure 4.8: Polarity matching result for second dataset. A) Initial polarity of the 1D latent
space for second simulated dataset based on PC4. B) Iterative update of polarity matching
score of the second simulated dataset. C) Final polarity matching result of second simulated
dataset.

selected as PC1 and requires further visualizations and analysis. As shown in figure 4.9
the 1-dimensional latent space according to PC4 has a better separation of the red/blue
color indicative of the ground truth heterogeneity parameter than the one according to
PC1. We also noticed that the lower signal-to-noise ratio of the images affects the polarity
matching procedure too. This results in lower decision values for comparing the polarity
of the latent spaces of adjacent orientation classes as shown in Figure 4.8(A-C) resulting
in 53% polarity matching score for all particles.

4.4. DISCUSSION & OUTLOOK

While we found that our proposed method worked well on the first synthetic dataset with
simplified imaging parameters, introducing real-world complexities like variable defocus,
radiation damage (which reduces the strength of high-resolution information in the image
and hampers alignment), and an increased number of conformational states to resolve,
revealed where the method begins to struggle. In the second synthetic dataset where we
included all of the above mentioned effects, we could not see that the first Principal Com-
ponent of the MDS space was representative of the conformational heterogeneity in the
images. One of the possible reasons for the method’s incapability to detect continuous
structural heterogeneity in this second simulated dataset is that taking the MSE as the
pairwise comparison metric between 2D images comes with an undesired pixel level sen-
sitivity.

In the presence of two sources of blurring in the second dataset (namely the effects
of radiation damage and errors in CTF-correction), MSE may not be able to capture the
structural differences between particles effectively. This results in an inaccurate forma-
tion of MDS space and further analysis is affected as a consequence of this effect. The
proposed method does not depend on the use of MSE as a cost function, and may give
better results with alternatives that can be fitted into the pipeline without modification.
There are several (dis)similarity measures that could potentially address this issue such as
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Figure 4.9: Multi-dimensional scaling space for each orientation class in the second sim-
ulated dataset. This plot illustrates dimensions 3,4 and 5 of MDS space for orientation
classes from 21 to 25 for both rotation and 14 to 18 for tilt orientation classes, where each tilt
or rotation class spans 10 degrees. The 1-dimensional latent spaces for each class are formed
by projecting the MDS data into the first and fourth principal component (PC) axes and are
plotted below each MDS space indicating that ordering particles based on PC4 matches bet-
ter with the structural heterogeneity than PCI does.
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Figure 4.10: A) Consensus reconstruction of the second dataset with different defocus and
radiation damage. The global resolution of the density map was 3.2 A. B) particle orienta-
tion distribution. Like before this shows a single peak due to the degeneracy of Euler angles.
C) ResLog plot with estimated B-factor. Compared to the previous dataset the B-factor has
roughly doubled due to the increase in number of ground-truth conformations and the ap-
plication of Parakeet’s beam damage model.
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performing the pairwise comparison in Fourier domain with Fourier Ring Correlation[28],
or more complex similarity measures such as modified SSIM, Earthmover/Wasserstein
distance[29], etc. Furthermore, it could be possible to use features of the images and per-
form the pairwise comparison in a suitably defined feature domain. In case of any changes
in similarity measure there are several factors which should be taken into account, namely,
the computational complexity, and the robustness in low signal-to-noise ratio conditions.

Even if the cost function is sufficiently sensitive to small changes in the conforma-
tion of the particles, errors in pre-processing steps can also cause potential vulnerabilities
to the analysis. If the segmentation into orientation classes is noisy as a result of mis-
alignment of particles during 3D reconstruction, the quality of the latent MDS space and
subsequent reconstructions can drop significantly, suggesting a sensitivity to upstream
errors. Similar problems are faced by machine learning approaches, which may be solved
by refining the relative orientation of each image iteratively during the pipeline.

To avoid some of the above mentioned problems there are approaches that could im-
prove the method’s performance. Currently, the use of a 1D latent space captures only the
dominant mode of variation, which may be insufficient for systems with multiple modes
of variation, or where the variation is overshadowed by other sources of heterogeneity. Us-
ing higher dimensional embeddings from MDS such as 2D or 3D latent spaces could pre-
serve relationships among particles at the cost of making the latent space again less inter-
pretable to a human observer. Furthermore, using more than one latent dimension for re-
construction could potentially help with accurate binning. Additionally, rather than treat-
ing each particle as a single unit, breaking particle images into smaller subsections (e.g.,
4, 16, or more tiles) and analyzing these patches individually could help localize structural
variability by down-weighting image patches that contain less variation. This patch-wise
comparison could improve the method’s ability to detect small, localized movements that
would otherwise be obscured in global image comparisons. It would also be possible to
constrain the pairwise comparison between particles with a mask around an area of in-
terest, such as the receptor binding domain that undergoes the conformational change
in the example case of the SARS-CoV-2 spike protein. This approach is already common
practice in methods such as multibody refinement[30].

However, one of the key advantages of the proposed method is its scalability for large
number of particles. Because each orientation class is processed independently, the pipeline
is parallelizable, allowing for fast execution with proper implementation. While the disad-
vantage of this method is that it relies on each orientation class independently. Here, deep
learning based methods have the advantage of being able to consider all orientations of
the particle at the same time while building a latent space representation. Another down-
side of the current implementation of the method is that the analysis is centered on MSE
which is on the basis of the pixel level and not directly on structural features.

In conclusion, we developed a method for capturing continuous heterogeneity in Cryo-
EM SPA data by creating a 1D embedding of particles representing different conforma-
tional states. We applied this method to two simulated datasets and demonstrated its
effectiveness in reconstructing different conformations of the SARS-CoV-2 spike glyco-
protein. Future steps could involve refining the pairwise comparison step for dealing with
radiation damage and different defocus of particles.
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5.1. CONCLUSION

5.1.1. DETECTING CONTINUOUS STRUCTURAL HETEROGENEITY IN SINGLE-

MOLECULE LOCALIZATION MICROSCOPY DATA
In Chapter 2, we introduced a template-free continuous structural heterogeneity detec-
tion method for single-molecule localization microscopy (SMLM) data. Traditional parti-
cle fusion in SMLM relies on the assumption of structural homogeneity, which ignores the
potentially useful information on variations within the particle dataset, and which may
lead to unreliable particle averaging results. While recent efforts have focused on clas-
sifying structural heterogeneity into discrete groups [1], these approaches fail to capture
continuous modes of variation, such as expansion, contraction, or other gradual confor-
mational changes. Our proposed method overcomes these limitations by minimizing hu-
man intervention, eliminating the need for high-quality data, avoiding template bias and
working directly on 2D/3D localization datasets compared to existing continuous hetero-
geneity detection methods [2, 3].

Our approach is based on processing point clouds, beginning with the parallel com-
putation of a dissimilarity measure for all particle pairs in the dataset. The dissimilarity
matrix is then embedded into a high-dimensional abstract Cartesian space using multidi-
mensional scaling (MDS)[4]. Subsequently, dimensionality reduction is applied, yielding a
1D latent space that orders all particles according to a continuous mode of heterogeneity.
From this latent space, subsets of structurally similar particles are identified and grouped
for reconstruction, producing multiple reconstructions that enhance signal-to-noise ratio
(SNR) while preserving the homogeneity assumption within each group.

We successfully detected continuous structural variations in various localization mi-
croscopy datasets, such as height variations in 3D DNA-origami tetrahedrons and radius
variations in 2D Nuclear Pore Complex (NPCs) datasets. These refinements resulted in
more faithful particle fusions. Our findings demonstrate that even with fewer particles,
more homogeneous particle stacks can achieve high-resolution reconstructions while ac-
counting for structural heterogeneity. introduced method scales quadratically with the
number of particles, making it impractical for large datasets. Additionally, its sensitiv-
ity is limited by the choice of dissimilarity measure namely Bhattacharya cost function
[5], which fails to capture complex structural variations, especially in 3D experimental
datasets like the NPC including 16 to 32 binding sites.

5.1.2. DETECTING CONTINUOUS STRUCTURAL HETEROGENEITY IN SINGLE
MOLECULE LOCALIZATION MICROSCOPY DATA WITH A POINT CLOUD
VARIATIONAL AUTO-ENCODER

To address these challenges, we developed the Point Cloud Variational Auto-Encoder (PC-

VAE), a deep learning framework tailored for SMLM data. PC-VAE allows template-free,

continuous heterogeneity detection directly from 2D and 3D localization coordinates, avoid-

ing the need for voxelization and reducing memory usage and computational complexity.

PC-VAE encodes SMLM point clouds into a latent space, where particles are ordered
along continuous modes of variation. Unlike the previous MDS-based approach, which
require computationally expensive pairwise comparisons, scaling quadratically wit the
number of particles in the dataset, PC-VAE reduces the computational complexity as it
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scales linearly with dataset size. This enables analysis of large-scale datasets on the or-
der of a several thousands of particles, with practical computational time. After an unsu-
pervised training, the latent space is used to cluster and reconstruct particles, preserving
structural heterogeneity and improving the SNR.

We validated PC-VAE on three experimentally acquired datasets: a 2D Nuclear Pore
Complex dataset (1,399 particles) showing radius variation from 63.6 nm to 49.9 nm, a 3D
DNA-origami tetrahedron dataset (218 particles) revealing height variation from 42.4 nm
to 107.3 nm, and a 3D Nuclear Pore Complex dataset (3,810 particles) with radius varia-
tions from 51.9 nm to 56.7 nm together with height variations from 43.7 nm to 51.7 nm.
The computational times per epoch were 13 seconds (3D tetrahedron), 24 seconds (2D
NPC), and 279 seconds (3D NPC), on a Linux operating system with Intel (R) Xeon (R) Sil-
ver 4110 CPU @ 2.10 GHz with 32 GB RAM and NVIDIA RTX A4000 GPU demonstrating
significant improvements over previous methods.

In summary, PC-VAE provides a scalable and efficient method for detecting continu-
ous heterogeneity in SMLM data, enhancing both sensitivity and computational perfor-
mance.

5.1.3. CONTINUOUS STRUCTURAL HETEROGENEITY DETECTION IN CRYO-EM
DATA

In this study, we presented a method for detecting continuous structural heterogeneity in
Cryo-EM data using MDS on orientation-classed particle images. Our approach success-
fully disentangles orientation from conformational heterogeneity, enabling robust detec-
tion of structural states. By analyzing synthetic datasets with inherent conformational
heterogeneity, we demonstrated that this method captures subtle conformational transi-
tions and generates 3D reconstructions for different states of a structure.

For high-quality synthetic data, our approach revealed continuous heterogeneity and
produces detailed 3D reconstructions. The MDS latent space accurately reflected the un-
derlying structural transition, and polarity matching of the heterogeneity axis for neigh-
bouring orientation classes ensured a consistent representation across orientation classes.
This allowed us to visualize and interpret the conformational changes in a manner that
provided clear insight into the continuous structural heterogeneity of the sample.

However, the method faced challenges when applied to more realistic synthetic data,
particularly due to the effects of radiation damage. In the presence of radiation damage,
high-frequency information in the micrographs was lost, making it more difficult to detect
continuous heterogeneity. The latent space derived from the MDS did not show as clear
a representation of structural variation in these cases, as the loss of high-frequency data
reduced the sensitivity of the method to subtle conformational changes. This limitation is
inherent in Cryo-EM data when radiation damage is present, which can impact the ability
of the method to fully capture structural heterogeneity. The impact of defocus variations
with standard Contrast Transfer Function (CTF) correction turned out to have a much
smaller impact on on the heterogeneity detection.

In conclusion, while the proposed method is effective for analyzing high-quality Cryo-
EM data, it faces limitations when applied to datasets affected by radiation damage. The
loss of high-frequency information due to radiation damage significantly hampers the
ability to detect continuous heterogeneity, resulting in less clear structural insights.
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5.2. OUTLOOK

5.2.1. DETECTING CONTINUOUS STRUCTURAL HETEROGENEITY IN SINGLE-
MOLECULE LOCALIZATION MICROSCOPY DATA

Generalization. The method developed for detecting continuous heterogeneity in SMLM

datasets may be extended to other imaging modalities, both in microscopy such as Cryo-

EMI6, 7] implemented in chapter four,and in medical imaging like MRI, CT, as well as other

applications such as lung Extracellular Vesicles imaging and in computer vision, pose, ori-

entation detection.

Resolution estimation. Unlike cryo-EM SPA, where additional particles improve res-
olution following a predictable scaling, our method lacks a clear theoretical foundation
for resolution scaling. Investigating a formal framework to relate sample size, noise levels,
and structural detectability would enhance the robustness of our methodology.

Visualization bin size and non-geometric variations. A critical challenge in our ap-
proach remains the determination of the necessary number of samples per bin to reliably
detect structural heterogeneity or in other words binning of the latent space. Future work
could explore how this number is influenced by localization precision, labeling density,
and dataset variability. Furthermore, our method struggles to detect variations that lack
a clear geometric interpretation, such as differences in the degree of labeling (DOL). Re-
search into integrating additional metrics that account for such variations beyond purely
spatial representations would be beneficial.

Alternative metrics and disentanglement of variation modes The current method re-
lies on a single dissimilarity metric, which may have varying sensitivity to different struc-
tural variations. Investigating alternative or hybrid dissimilarity measures such as Cham-
fer distance [8] could improve the detection of multiple variation modes and enhance the
robustness of our analysis. Additionally, a fundamental challenge is the disentanglement
of different modes of variation within the dataset.

5.2.2. DETECTING CONTINUOUS STRUCTURAL HETEROGENEITY IN SINGLE
MOLECULE LOCALIZATION MICROSCOPY DATA WITH A POINT CLOUD
VARIATIONAL AUTO-ENCODER

Enhanced model interpretability Future work could focus on improving the interpretabil-
ity of the latent space by incorporating structured priors or regularization techniques. This
would help ensure that each latent dimension corresponds to a distinct mode of variation,
making the learned representations more meaningful and useful for downstream analy-
ses. One possible approach is to establish a "feature library" that links variations in the
latent space to specific structural or image-based characteristics, such as size, shape, or
density. This could be achieved by correlating latent dimensions with manually extracted
features or using supervised techniques to guide the model toward learning more inter-
pretable representations.

Improved disentanglement of latent representations To achieve a more independent
separation of different modes of variation, methods such as the total correlation vari-
ational autoencoder (TC-VAE)[9] could be explored. This would allow for a more clear
identification of biologically relevant structural changes in complex SMLM datasets.

Incorporation of localization uncertainty By modifying the Chamfer cost function to
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include localization uncertainties, PC-VAE could provide a more robust representation of
SMLM data. This adaptation would need to balance accuracy and stability, ensuring that
the model remains computationally efficient while integrating these uncertainties effec-
tively. The modified Chamfer loss is defined as:

1
. A2 . o2
ZLrecon = N Z min wx|x—X|5 + Z 111:1)1(1 wilx—Xl5 1, (6.1
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where the weights wy and wy are defined based on localization uncertainties as:

1 1
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where 02 and o7 represent the localization variances, and € is a small constant to pre-
vent numerical instability. This formulation ensures that points with higher uncertain-
ties contribute less to the reconstruction loss, making PC-VAE more robust to localization
noise in SMLM data. This implementation requires input layers for uncertainties similar
to point clouds to be added to the network architecture. Furthermore, these changes in
the cost function might affect the stability and convergence of the network which should
be further studied.

Application to image registration and particle tracking Beyond structural analysis,
PC-VAE could be leveraged for tasks such as image registration and particle tracking. Parti-
cle tracking could be performed by detection of the movements of particles within frames
as a continuous heterogeneity mode. Its ability to extract meaningful low-dimensional
representations makes it a suitable candidate for improving alignment and tracking accu-
racy in single particle tracking (SPT) experiments.

Expansion to temporal and dynamic studies PC-VAE could be extended to analyze
temporal variations in SMLM datasets, enabling the study of dynamic structural changes
over time. By learning time-dependent representations, this approach could provide new
insights into the evolving nature of nanoscale biological structures. Current implementa-
tion works on particles but this can be altered with localizations per frames. This manip-
ulation can result in capturing the time dependent modes of variations within frames.

5.2.3. CONTINUOUS STRUCTURAL HETEROGENEITY DETECTION IN CRYO-EM
DATA

Overcoming the roadblocks Radiation damage is a key challenge in detecting continuous

structural heterogeneity in cryo-EM using the proposed algorithm. The issue arises be-

cause the similarity metric we use (MSE) is highly sensitive to pixel-level variations, and

any disruption in high-frequency information leads to poor pairwise comparisons, result-

ing in less accurate MDS spaces.

To address this problem, we propose investigation of cost functions that are more
sensitive to the structural features of the imaged protein or molecule rather than pixel-
level differences. While employing a more complex similarity measure could improve the
method’s sensitivity, it may also reduce computational efficiency. To mitigate this, paral-
lelization can be implemented across pairs and orientation classes using multi threading
to handle the increased computational complexity.
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Efficiency and scalability improvements While our current approach is effective for
moderate dataset sizes, scaling it to larger datasets or real-time applications presents com-
putational challenges. Future work should explore more efficient implementations, in-
cluding GPU acceleration, optimized data structures, and parallelized processing. These
improvements would enable the method to handle larger-scale experiments while main-
taining accuracy and speed.

Disentanglement of complex motions and alternative cost functions A key challenge
in our approach is disentangling complex motions within structural variations to better
isolate independent factors of change. Future developments could investigate methods
for controlling noise levels and leveraging alternative cost functions, such as the Earth
Mover’s Distance[10], to improve structural classification. These refinements could en-
hance the accuracy and robustness of the analysis in diverse datasets.

Improvements in orientation classification and pre-processing pipeline Although
our method compensates for minor particle misalignment through shifting and rotation,
further improvements in particle classification and 2D registration could enhance the al-
gorithm’s robustness. This can be performed as orientation class refinement leading to
better separation of orientations. Additionally, since the proposed approach relies on
pixel-level comparisons between images, advancements in CTF estimation and particle
picking would contribute to more accurate detection of continuous structural heterogene-
ity.

Semi-automatic latent dimension selection We observed that even with low-quality
datasets, heterogeneity information remains preserved within the MDS space, typically
above the first three dimensions. However, this distribution makes an automatic 1D rep-
resentation challenging, as the dominant mode of variation no longer corresponds to the
sought-after continuous structural heterogeneity. We tried to find the 1D latent dimen-
sion that carries the heterogeneity information automatically when performing polarity
matching by comparing neighbor particle stacks based on the confidence terms defined
earlier. However, this did not capture the 1D latent dimension properly. In a future order-
ing and visualization of 2D particles based on different dimensions (first 4-8 dimensions
should be sufficient) manual selection of the dimension that carries the heterogeneity in-
formation might prove a necessary step.
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