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Abstract

The levels of protein expression often constitute a marker for the physiological
state of an organism. In addition to their abundance, the three-dimensional
conformation of proteins play a crucial role in the determination of the cellu-
lar function. In order to understand cellular physiology, it is therefore crucial
to determine both the structure and the abundance of the protein content of
single-cells. Methods such as mass spectrometry and cryo-electron tomography
have been employed in the past for structural proteomic analysis, however they
cannot provide high-resolution structural information of the protein content of
single-cells. This can be overcome by single-particle electron microscopy, which
can provide high-resolution 3D reconstructions of isolated proteins. Recent ad-
vances in single-cell sample preparation for single-particle electron microscopy,
have transformed this approach into a promising alternative to existing tech-
niques for structural proteomics.

This thesis presents the development of a novel algorithm named “differential
visual proteomics” (DVP) based on single-particle electron microscopy, for the
quantitative and structural analysis of proteome samples from single-cells. The
developed algorithm was packaged into a software named VisProt, which con-
sists of a graphical user interface that brings together self-written image analysis
and data managing algorithms and invokes various established single-particle
processing programs. The DVP algorithm was used to investigate the structural
changes of proteins between disturbed and undisturbed cells. The suggested al-
gorithm identified differences in protein concentrations in simulated cryo-electron
microscopy datasets and in experimental negative stain electron microscopy
datasets of cell populations. In addition, by employing the in-house developed
tool for the loss-less preparation of single-cell samples for single-particle electron
microscopy (cryoWriter), structural differences in the proteome of single-cells
prepared in different environments were also identified.

In addition to the development of the DVP algorithm and the VisProt inter-
face, this thesis presents the development of image processing tools based on
deep learning, which intend to increase the throughput of procedures for data
collection and image analysis in electron microscopy.
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Structure and aim of this thesis

The aim of this thesis is to demonstrate the use of a processing pipeline based
on single-particle electron microscopy for differential visual proteomics, meaning
the quantitative and structural analysis of the proteome of cell populations and
single-cells. This method is aimed for the semi-targeted profiling of structural
changes in the proteome of single-cells and is envisaged as a complementary
approach to existing proteomics techniques.

A detailed presentation of the developed algorithm and processing pipeline for
differential visual proteomics based on single-particle electron microscopy is given
in Chapter 2. It includes the application of the algorithm for the identification of
differences in the structural proteome of a) simulated and b) experimental data.
The results of this project were published in the Journal of Proteome Research,
DOI: 10.1021/acs.jproteome.9b00447.

Chapter 3 presents tools that were developed for automating and facilitating
procedures for data collection and image processing in electron microscopy. The
presented tools are based on deep learning, a type of machine learning that
can achieve advanced pattern recognition in complex data at a very high accu-
racy. The developed algorithms are employed for the selection of holes in lacey
cryo-electron microscopy grids for imaging and the detection of bead fiducials in
cryo-electron tomography images.

Chapter 4 summarizes the main conclusions of this thesis and presents an outlook
for future improvements and applications of the developed algorithms.
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1 Introduction

1.1 Motivation

Proteins are involved in almost every task that cells perform. Therefore, in or-
der to understand cellular function and physiology and in turn understand the
development and the progression of several diseases, it is important to measure
changes in the abundance of proteins contained in single-cells, e.g. changes due
to an external stimulus, as well as to determine the proteins’ three-dimensional
structure and the conformational rearrangements they undergo.

Existing methods based on mass spectrometry and cryo-electron tomography
have attempted addressing the need for structural and quantitative proteomics.
However, obtaining high-resolution structural information of the whole proteome
of single-cells at a high-throughput using these methods remains a challenge.
On the other hand, single-particle electron microscopy is a method that can de-
termine the structural details of proteins at a high resolution and throughput.
Together with recent advances in single-cell sample preparation for electron mi-
croscopy, this method becomes a very promising alternative to the existing tech-
niques for the quantitative and high-resolution structural proteomics of single-
cells.

A novel approach named “differential visual proteomics” for quantitative and
structural proteomics based on single-particle electron microscopy is presented
in this thesis. The developed approach also employs the in-house tool for the
loss-less preparation of single-cell samples for electron microscopy (cryoWriter)
in order to detect structural differences in the proteome of single-cells as well as
cell populations.

A more detailed overview of the proteomics field and the existing experimen-
tal approaches for proteomic analysis is given in the following sections.
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1.2. PROTEOMICS

1.2 Proteomics

Proteomics refers to the large-scale qualitative and quantitative study of the
protein content of an organism. Proteins are macromolecules that play a crucial
role in all biological processes, as they are involved in virtually all functions within
a living system. Some of the functions that proteins are responsible for are
the catalysis of chemical reactions, the system’s immune response, transmission
of biochemical signals, and intra- and intercellular transportation of molecules.
Proteins often act as drug targets, as well as markers for the diagnosis of several
diseases, such as cancer or neurodegenerative diseases.

1.2.1 Protein structure

Protein synthesis begins with the transcription of a gene, during which a tran-
scription factor (TF) - also a protein - facilitates copying a segment of a de-
oxyribonucleic acid (DNA) molecule into a messenger ribonucleic acid (mRNA)
molecule. The four nucleotides that comprise the RNA molecule are adenine
(A), uracil (U), cytosine (C) and guanine (G). Triplets of transfer RNA (tRNA)
nucleotides in the ribosome, known as codons, that carry single amino acids,
the building blocks of proteins, bind to the mRNA. This way the mRNA nu-
cleotides are encoded to a sequence of amino acids in a process that takes place
in the ribosome and is known as translation. During translation, the amino acid
monomers, often referred to as residues, bind to each other and form a long
amino acid chain. This polypeptide chain of amino acids then folds to create
proteins. Amino acids consist of a basic amine group (–NH2), an acidic carboxyl
group (–COOH) and a unique side chain. The free amine group at one end of
the polypeptide chain is known as the N-terminus; the beginning of the chain,
while the free carboxyl group of the last amino acid in the chain is known as the
C-terminus; the end of the chain.

The function of a protein is usually determined by its underlying three-dimensional
(3D) structure. The folding and 3D conformation of a protein depends on the
protein’s unique amino acid sequence, the interactions among the side chains of
the different amino acid monomers, as well as the interactions between the pro-
tein and its environment. Additional post-translational modifications of a protein
can also alter its function. Such modifications include phosphorylation, during
which a phosphate group (–PO4) is added to the protein chain or methylation,
during which a methyl group (–CH3) is added.

Depending on the level of complexity, a protein can assume one or more of
the four following structure types: primary, secondary, tertiary, and quaternary
structure. The primary structure of a protein refers to the linear sequence of
amino acids. Interactions among side chains of neighboring amino acids can
form various 3D structures including helical structures (known as α-helices),
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CHAPTER 1. INTRODUCTION

stranded folds (known as β-sheets), as well as random coils. Those formations
are part of the so called secondary structure of a protein (Richards, 1977). The
tertiary structure of a protein is assumed when α-helices and β-sheets are at-
tracted to each other, leading to the folding of the polypeptide chain on itself and
subsequently forming the protein. The quaternary structure is obtained when at
least two folded polypeptide chains interact with each other. This leads to the
formation of the so called protein complexes, which can either consist of identical
polypeptide chains, or peptides of different types.

The 3D folding pattern of a protein, can determine the protein’s active sites,
e.g. an enzyme where substrates or inhibitors (such as drug molecules) can
bind to. In addition, the misfolding of a protein, as well as the formation - or
disassembly - of a protein complex can be initiated as a response to a cellular
perturbation and it can often represent a disease marker (Duc-Hau, 2015). The
structural analysis of an organism’s protein content is therefore essential, not
only in drug discovery but also in diagnostics.

More information on the way proteins adopt their final shape can be found
in Mishra, 2010.

1.2.2 Protein quantification

The term proteome refers to the total protein content of an organism. In contrast
to an organism’s genome that is static (Mishra, 2010), an organism’s proteome
is dynamic, meaning that it can vary depending on the cell type, the cell func-
tion, the cellular environment as well as the cell’s development stage. Changes
in the process of transcription and translation as a response to endogenous or
exogenous stimuli leads to changes in the cellular physiology. In turn, these
physiological changes, often result in changes in the protein expression levels
(Nordholt et al., 2017). Therefore, in addition to the identification of the pro-
teins’ 3D structure, it is essential to also profile the quantity of the expressed
proteins in a sample, to investigate quantitative changes that occur in the cellu-
lar proteome under different conditions and to determine the relative abundance
of different proteins.

1.2.3 Single-cell proteomics

Cells are characterized by their high heterogeneity. Due to the stochastic nature
of gene expression, even cells of the same origin and type might have significant
genetic differences that result in differences in their protein expression. The
cellular proteome can therefore vary from one cell to another and this variability
needs to be addressed and understood, as it can for instance reveal information
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1.3. TECHNIQUES FOR PROTEOMIC ANALYSIS

on how a disease progresses. Single-cell proteomic analysis however still remains
a technical challenge. The sample extraction from the cells needs to be efficient
and the consumed protein sample needs to be minimized, while at the same
time being sufficient for precise and accurate analysis. In addition, the employed
analytical method needs to be sensitive enough to detect and identify individual
proteins. An automated and high-throughput data acquisition system as well as
advanced computational data-processing methods are required in order to ensure
an effective analysis.

1.3 Techniques for proteomic analysis

As mentioned above, the final 3D structure of a protein is determined by the
protein’s amino acid sequence, the interactions among amino acids as well as
other environmental factors. Thus, due to the stochastic nature of the protein
folding process, the 3D conformation of a protein cannot be easily predicted
given solely its amino acid sequence. In addition, as a gene can be translated
into many different forms of proteins with different functions, it is not possi-
ble to infer a protein’s abundance only by measuring the transcript levels (e.g.
mRNA) (Maier et al., 2009). For this reason there is often the need to employ
experimental approaches for the quantification of protein expression levels and
the high-resolution determination of the protein structure.

1.3.1 Immunoassays

Commonly used methods for proteomic analysis are antibody-based methods,
known as immunoassays. They are mainly used for protein detection and quan-
tification purposes.

The enzyme-linked immunosorbent assay (ELISA) is one of the most known
approaches for protein quantification. (Engvall and Perlmann, 1971) In its sim-
plest form, the sample containing antigen proteins is fixed onto micro-plate wells.
Subsequently, enzyme-linked antibodies that are specific to the target protein are
added. The antibody-enzyme conjugates bind to the target proteins in the sam-
ple. Finally a substrate of the used enzyme is added. If the target protein and
therefore the antibody-enzyme conjugate is present, the added substrate reacts
with the enzyme and changes the solution’s color. If no target protein is present
in the sample, the enzyme-linked antibodies are washed away and are not de-
tectable. The concentration of the target protein is determined by the intensity
of the produced signal in the solution.

Digital ELISA was recently used to determine the concentration of Tau proteins
in the blood plasma of Alzheimer’s disease patients (Pérez-Ruiz et al., 2018).
In another study, ELISA was used to measure α-synuclein levels in the cere-
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CHAPTER 1. INTRODUCTION

brospinal fluid (CSF) of patients with Parkinson’s disease (Mollenhauer et al.,
2013). Even though antibody-based approaches have a relatively high through-
put and sensitivity to protein concentrations in the attomolar range (Pérez-Ruiz
et al., 2018), one of their drawbacks is that there isn’t always the appropriate
antibody for the target protein available, or available antibodies might not be
specific enough to the target protein. Also, antibody-based approaches might
not be suitable for clinical applications where the samples are highly complex and
many proteins need to be measured at the same time. Highly complex samples
might also lead to non-specific binding of the antibodies to non-target proteins.
In addition, antibody-based methods do not provide any structural information
about the proteins of interest.

1.3.2 Mass spectrometry

The most widely used method in proteomic analysis is mass spectrometry (MS).
MS-based techniques are primarily used to identify and quantify proteins that
are present in a solution by determining their amino acid sequence.

MS is based on the principle that peptides, as well as their constituent amino
acids have a characteristic molecular weight (Chapman, 1996). Post-translational
modifications or other type of functional or structural changes in the peptides
are mirrored in their mass fingerprint. MS identifies the target molecules by
their mass-to-charge ratio. Often prior to MS analysis the protein sample is en-
zymatically digested (eg. trypsin) and if the sample is highly heterogeneous it is
subjected to a preliminary separation by high-performance liquid chromatogra-
phy (HP-LC). After this preliminary separation, the extracted protein fragments
are inserted in the mass spectrometer. A mass spectrometer usually consists of
an ion source, a mass analyzer and an ion detector (Chapman, 1996). When
inserted in the mass spectrometer, molecules are vaporized and ionized. After
ionization, the ion molecules move to the mass analyzer, where a magnetic field
deflects them depending on their mass-to-charge ratio. Ions with lower molecular
weight or highly charged ions are deflected more than heavier ions or ions with
low charge. Subsequently, deflected ions hit an ion detector. In the resulting
spectra, the ion abundance in the sample is given by the corresponding detec-
tor counts. The experimental mass spectra are then compared to known mass
spectra of peptides that exist in mass spectral databases, in order to identify
the amino acid sequence of the experimental compounds and quantify known or
unknown targets.

For a long time, MS-based methods have been at the forefront of quantitative
proteomics. MS has been successfully used to quantitatively analyze huntingtin
aggregates in Huntington’s disease (Hosp et al., 2017), to determine the con-
centration of the majority of the protein content in the human U2OS line (Beck
et al., 2011) and to identify diabetes-related biomarkers (Shao et al., 2014).
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1.3. TECHNIQUES FOR PROTEOMIC ANALYSIS

Recent advances in MS-based techniques have also enabled MS to be used for
obtaining structural information of proteins. For instance, cross-linking MS (XL-
MS) was used to investigate protein conformational changes in the heart tissue of
mice (Chavez et al., 2018). A limited proteolysis MS-based technique (LiP-MS)
was used to study the aggregation of α-synuclein proteins and subtle structural
changes in myoglobin (Feng et al., 2014).

Even though MS-based techniques have been proven to provide useful infor-
mation on protein abundance, they are limited to small proteins that are highly
abundant (Feng et al., 2014). In addition, MS alone as a structure determination
tool can only provide low resolution structural information and often suffers from
high instability and low throughput, particularly in single-cell analysis.

1.3.3 Transmission electron microscopy

Transmission electron microscopy (TEM) is a technique that enables the high-
resolution determination of structural details of the investigated proteins. Elec-
tron microscopes differ from light microscopes in that they use electrons to form
an image instead of photons used in light microscopy. Due to the shorter wave-
length of electrons (∼pm=10−12m) compared to that of photons (∼ 10−7m for
visible light), TEMs can achieve a sub-nanometer resolution. TEMs consist of
an electron gun which is the source of the electron beam. The generated beam
initially passes through a magnetic lens system which consists of electromagnetic
coils that focus the electrons. The beam is then transmitted through the sam-
ple that is placed in vacuum. Subsequently, the beam passes through another
magnetic lens system which consists of coils and apertures that focus and filter
the electrons respectively. Finally, the electrons hit an electron camera (such as
a direct electron detector (DED) or a CCD camera) and form the final image
(Williams and Carter, 1996). Recent developments in TEM biological sample
preparation along with its ability to achieve high-resolution and high throughput,
give TEM the potential of also becoming a technique for proteomic analysis.

1.3.3.1 Image formation in TEM

Electrons that hit the sample can be unaffected (unscattered) or scattered by
it. There are two types of contrast in the image: a) amplitude contrast and b)
phase contrast, with the latter accounting for 90% of the total contrast (Herzik
et al., 2019).

Amplitude contrast. Incident electrons that interfere with the sample can be
either inelastically or elastically scattered. In inelastic scattering, electrons lose
some of their initial energy and therefore slow down. Those electrons are usually
filtered out by an energy filter, which is placed after the specimen. In addition to
filtering inelastically scattered electrons, electrons that are elastically scattered at
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CHAPTER 1. INTRODUCTION

large angles might not enter the magnetic lens or might be blocked by apertures
in the lens system that are placed after the specimen. Those strongly elastically
scattered electrons are therefore also excluded. Elastic scattering at high angles
can occur when the electron beam travels through an area in the sample with
high mass density. In the contrary, in less dense regions in the sample, electrons
pass through the sample at smaller scattering angles. This results in the more
dense regions in the sample to appear darker in the image, while thinner regions
appear brighter because more electrons contribute to the image. The amplitude
contrast in the image therefore depends on the mass density of the sample,
meaning the number of scattering centers.

Phase contrast and contrast transfer function. Phase contrast originates
from the interference of the elastically scattered electron waves with the unscat-
tered ones. A scattered wave will have a different phase to that of an unscattered
wave due to: a) its direct interaction with the sample and b) introduced differ-
ences in the traveled path length due to scattering at different angles. When the
scattered and unscattered electrons are recombined, they interfere either con-
structively or destructively, depending on the scattering angle and therefore the
spatial frequency of the scattering centers in the sample. When they interfere
constructively, the resulting electron wave has a higher amplitude than that of
the unscattered beam alone. It is known from quantum physics that the prob-
ability of a wave being detected is given by the square of its amplitude. Thus,
in constructive interference the scattered electrons contribute maximally to the
contrast. On the contrary, when they interfere destructively, the scattered elec-
trons contribute maximally to the contrast, but in the negative direction. In all
in-between cases, the net electron wave has an amplitude close to that of the
unscattered beam (the phase shift of the scattered beam doesn’t change much
the net wave amplitude). This means that the scattered beam contributes mini-
mally to the image, which is equivalent to zero transfer of contrast. The function
that describes the transfer of contrast as a function of the spatial frequency of
the scattering centers in the sample is the so called contrast transfer function
(CTF). The CTF is given by:

CTF(k) = sin
(
−πDzλk2 + πCsλ3k4/2

)
(1.1)

where k: spatial frequency, Dz: defocus, λ: wavelength of electron beam at
a given energy and Cs: coefficient of spherical abberation of the microscope
(Leigh et al., 2019).

When looking at the power spectrum of the sample - that is its squared Fourier
transform - the effect of the CTF is seen as oscillating bright and dark rings,
known as Thon rings (Thon, 1966). Bright rings represent the spatial frequen-
cies where the information is transferred fully, while dark rings represent the
spatial frequencies where the CTF is zero and there is no transferred contrast.
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1.3. TECHNIQUES FOR PROTEOMIC ANALYSIS

By adjusting the defocus of the microscope, the frequencies at which the con-
trast is fully transferred can be shifted. When the images are recorded in focus,
high-resolution information can be visible. In defocus, the magnetic field of the
objective lens of the microscope is lowered, making the scattered beams to be
focused lower in the microscope. This introduces a change in the traveled path
lengths of the scattered waves and the CTF shifts towards lower spatial fre-
quencies. This allows low spatial frequencies that were invisible to the detector
before, to contribute to the contrast of the image. Therefore, in order to in-
crease contrast, images are often recorded in defocus. Due to imperfections in
the electron microscope, such as partial spatial and partial temporal coherence
of the electron beam (Walther et al., 2008), the CTF is additionally damped
at higher spatial frequencies. This damping can be described by an envelope
function. The phase inversion combined with the damping of the CTF, leads to
an increased blurriness in the obtained real-space images.

A way to overcome this is by the so called CTF-correction. The phase inversion
can be corrected by either a) dividing the Fourier transform of the image by the
CTF or b) phase-flipping, wherever the negative contrast is inverted. The CTF
amplitude modulation can be reduced by using highly coherent electron emission
guns, such as field emission guns (Jeong et al., 2013). In either case, spatial
frequencies at which the CTF is zero are excluded and the information at those
frequencies is lost. A way to retrieve this information is by collecting images at
different defoci.

1.3.3.2 Single-particle analysis

Single-particle analysis (SPA) is an EM technique in which the sample consists
of isolated protein particles and the resulting images consist of many copies of
the individual proteins at different orientations. The sample that is in solution
is spread to create a thin layer onto supporting EM grids and is imaged in the
microscope. The resulting EM images, known as micrographs, contain different
views (different orientations) of the protein particles. Each of those protein views
are computationally detected and extracted from the micrographs, aligned with
respect to each other and assigned to specific protein orientations in order to
produce a 3D protein reconstruction. There are two main SPA approaches for
sample preparation and imaging: a) negative stain EM and b) cryo-EM.

Negative stain EM. Negative stain EM uses heavy metal salts to stain the
sample. The sample is initially prepared by spreading it on an EM support grid
and subsequently adding the stain (e.g. uranyl acetate). As the stain dries, it
surrounds the densities in the sample. Because the stain is denser than the sam-
ple, it scatters electrons more strongly than the sample. This makes densities in
the sample appear bright in a dark background.
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Negative stain images usually have a very high contrast (amplitude contrast),
but a relatively low resolution (15Å to 20Å) which originates from the slight
collapse of the proteins due to their dehydration and the drying of the stain
(Carlo and Harris, 2011).

Cryo-EM. Cryo-EM constitutes a technique that is used for the structural
analysis of proteins. In cryo-EM, the sample is spread on the EM support grid
and immediately plunge frozen, usually in liquid ethane. This helps the proteins
in the sample retain their native-state conformations. Plunge freezing enables
the formation of amorphous (vitreous) ice, meaning that there are no ice crys-
tals in the sample. This prevents proteins from being crashed by the crystals.
Vitreous ice also prevents additional electron diffraction patterns in the power
spectra of the recorded images, which are present in crystalline ice. The proteins
in cryo-EM images appear as dark particles in a brighter background, because
they are denser than their surrounding medium.

Because the sample is in its original medium and the proteins are plunge frozen to
their native-state conformations, high-resolution structural details are preserved.
However, cryo-EM images have a relatively low contrast, making the detection
of the particles in the images more difficult.

SPA processing workflow. The SPA processing workflow (Fig. 1.1) begins
with the detection of all particles in the image and their computational extrac-
tion into individual particle images. The procedure of particle detection can be
done manually, or automatically using neural network-based algorithms (Wagner
et al., 2019) or cross-correlation algorithms (Gautomatch, K. Zhang, www.mrc-
lmb.cam.ac.uk/kzhang/, Ludtke et al., 1999, Grant et al., 2018, Sigworth, 2004).

The next step is to classify the extracted particles into 2D classes of particles of
the same protein with the same angular orientation. This helps get an overview
of different structures in the experimental data (Scheres, 2010). This process
is known as 2D classification. During the 2D classification, the individual parti-
cles in each class are aligned to each other and averaged, to produce 2D class
averages. At first, 2D averages of random subsets of the extracted particles are
created and used as initial references. Each extracted particle is then compared
to the references and assigned to a 2D class in an iterative process.

Initial approaches to alignment and 2D classification used cross-correlation, in
which each extracted particle was compared to each reference at each orientation
by cross-correlation, and contributed to only one class at the time. However, at
low SNR this approach is susceptible in reproducing the original reference (Sig-
worth, 1998). This led to the development of a maximum-likelihood approach
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Figure 1.1: SPA workflow: Samples are prepared and imaged with EM. The EM
images contain projections of the individual proteins at different orientations. The
proteins are detected on the EM images with the help of image processing software and
computationally extracted into individual particle images. Subsequently, the particle
images are aligned with respect to one another and are classified into 2D classes.
Given the angular relationship between the different projections of a protein, the 3D
reconstruction of the protein in real space can be produced.
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for 2D classification (Sigworth, 1998; Scheres, 2016; Grant et al., 2018). Each
extracted particle is compared to the initial references with the goal to maximize
an objective function. Each particle is then assigned weights (or probabilities)
to belong to each of the corresponding classes, and the given weights are cho-
sen so that they maximize the objective function. New 2D class averages are
created as a weighted sum of all the extracted particles and their probabilities.
Thus, all particles contribute to the average of each 2D class (Scheres, 2010).
Further extensions to the maximum-likelihood approach help to further decrease
overfitting during 2D classification by introducing a regularization term to the
objective function (Scheres, 2012).

The 3D reconstruction is based on the so called central slice theorem. According
to the theorem, the 2D Fourier transform of a particle’s projection corresponds
to a slice through the 3D Fourier transform of the protein. Thus, if the angular
orientations of given 2D projections of a protein are known, a 3D volume in
Fourier space can be obtained. The inverse Fourier transformation of this vol-
ume produces the 3D reconstruction of the protein in real space.

Identifying the angular relationship between different particle views can be achieved
in several ways. One way to do this is by the “common lines” approach in Fourier
space. In this approach the Fourier transform of each 2D class average is cor-
related to the Fourier transforms of all other 2D class averages. This way, the
angular relationship between the different particle views is identified and a de
novo 3D volume can be generated in reciprocal space (Van Heel, 1987). By tak-
ing the inverse Fourier transform of the 3D volume, we can get a first estimate of
the 3D protein reconstruction. A de novo initial 3D model can also be generated
using the common lines approach in real space, as described in Van Heel, 1987;
Scheres, 2020.

Other algorithms, such as Relion (Scheres, 2012), use an existing model of a
structure that is partially known as initial 3D model. By projecting the 3D vol-
ume in all possible orientations, we can assign probabilities for each experimental
particle to represent each of the given projections (in this case they are called 3D
class averages) using a maximum-likelihood approach as in the 2D classification
(Scheres, 2016). The 3D class averages are then updated given the identified
probabilities in a similar manner; each class average is given as a weighted sum
of probabilities from all experimental particles to belong in this class. This way
new, refined 3D reconstructions are produced. This iterative procedure is known
as 3D classification.

A more detailed explanation on how 3D classification and final density recon-
struction is achieved is beyond the scope of this thesis, but can be found in
Van Heel, 1987, Scheres, 2012, Scheres, 2016, Punjani et al., 2017, and Grant
et al., 2018.
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1.3.3.3 Cryo-electron tomography

Cryo-electron tomography (cryo-ET) is another EM technique that is used for
the 3D recontruction of proteins or other cell parts. As opposed to SPA, in cryo-
ET the sample is tilted inside the microscope in order to obtain different angular
views of the regions of interest in the sample. Cryo-ET samples usually consist of
macromolecules that are not possible to reconstruct through SPA. For instance,
cryo-ET enables the analysis of in vitro reconstituted membrane proteins that are
bound to a lipid bilayer (Hutchings et al., 2018). In addition, thin cell sections
(prepared by cryo-focused ion beam (FIB) milling) can be visualized, enabling
the in situ analysis of large proteins and other organelles contained in single cells
(Villa et al., 2013). Cryo-ET therefore can also provide contextual information,
such as information on macromolecule localization inside a cell and interactions
among neighboring macromolecules.

During sample preparation in cryo-ET the sample is spread on an EM support
grid and plunge frozen as in SPA. Once the grid is inserted in the microscope it
is incrementally tilted at different angles (usually from −65° to 65°) and images
are recorded at each of the different directions. The recorded images, known as
tilt series, are initially aligned to each other with the help of e.g. fiducial markers
that are embedded in the sample during sample preparation. After alignment,
a weighted back-projection algorithm is usually employed to reconstruct a 3D
volume of the sample, known as tomogram. In this algorithm, the tilt-series
that are recorded at different angles are back-projected in real space and create
a 3D representation of the original sample. Each slice in the final tomogram
represents a cross-section of the sample at different depths.

One limiting factor for obtaining high-resolution information in cryo-ET is the
so called missing wedge effect. This originates from the fact that the sample
can only be tilted within a limited angular range, meaning that not all struc-
tural information in reciprocal space are recorded during data collection. One
way to overcome this is by a process known as sub-tomogram averaging. In
sub-tomogram averaging, only parts of a tomogram that contain copies of the
same molecule are computationally extracted into sub-tomograms. The sub-
tomograms are aligned to each other in 3D and averaged to create a reconstruc-
tion of the molecule. By using many particles with many different orientations,
the final reconstruction can have a higher SNR and a fully sampled Fourier space.

More information on cryo-ET sample preparation, image processing and other
tomography modes can be found in Leigh et al., 2019.

1.3.3.4 Protein structure determination and single-cell visual proteomics

SPA and cryo-ET have been used extensively for the structural analysis of pro-
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teins and protein complexes. In a recent study, the structure of mouse heavy
chain apoferritin was solved by 200kV cryo-EM at 1.75Å resolution (Wu et al.,
2019). The structure of a 40 kDa S-adenosylmethionine-IV riboswitch was also
determined by SPA at 3.7Å resolution (Zhang et al., 2019). New image pro-
cessing approaches for sub-tomograph averaging in cryo-ET have enabled the
determination of the HIV-1 capsid-SP1 at 3.4Å resolution (Turon̆ová et al.,
2017).

As mentioned above, in order to understand cellular physiology, it is impor-
tant to determine the protein structure as well as the protein abundance. The
capability of EM-based approaches to provide high-resolution images of whole
cells and protein mixtures, has led to a rapid increase in the number of stud-
ies employing this approach for protein quantification and proteomics, known as
"visual proteomics". More specifically, there are many examples where the capa-
bility of cryo-ET to provide proteome maps of single-cells has been exploited for
visual proteomics. For instance, cryo-ET combined with MS was used to iden-
tify and quantify known protein complexes in a single Leptospira interrogans cell
(Beck et al., 2009). In a more recent study, a template-free cryo-ET approach
was developed for the identification of unknown protein complexes and tested
in several types of single bacterial cells (Xu et al., 2015). However, despite the
potential of cryo-ET-based visual proteomics, cryo-ET requires extensive image
processing steps and is limited to low resolution structures.

The development of SPA-based methods for visual proteomics has just recently
started being explored. Recently, a method for visual proteomics based on cryo-
EM coupled to MS was developed (Ho et al., 2019). In short, MS was initially
used to identify a first pool of proteins in lysate from a batch of Plasmodium
falciparum parasites. The sample was subsequently imaged by cryo-EM and 3D
reconstructions of the different protein complexes in the sample were obtained
using cryoSPARC’s de novo 3D classification algorithm (Punjani et al., 2017).
The identification of proteins is done by predicting the sequences of segments
from the 3D maps and comparing them to candidate protein sequences found by
MS. Although this is a very promising approach for cryo-EM visual proteomics,
this method requires protein enrichment and cannot be used for single-cell anal-
ysis.

Advances in sample preparation for SPA such as the cryoWriter (Arnold et al.,
2018; Kemmerling et al., 2012; Arnold et al., 2017; Arnold et al., 2016), have
enabled the lysis and preparation of the entire lysate from single cells. This
has paved the way for the development of single-cell visual proteomics based on
cryo-EM and negative stain EM. Chapter 2 describes the development of a new
SPA algorithm for the proteome-wide analysis of the protein content of single
cells.

22



1.3. TECHNIQUES FOR PROTEOMIC ANALYSIS

1.3.3.5 Current challenges and resolution limitations in EM

There are several factors that can limit resolution in EM. These can be related
to:

• the sample quality, such as protein heterogeneity in the sample, e.g. pro-
teins with multiple conformations and flexibility

• the sample preparation, such as proteins with preferred orientations, e.g.
in EM grids with continuous carbon film

• the nature of EM imaging, such as image blurring due to the CTF and the
noise in the image.

The low signal-to-noise (SNR) of the obtained images remains one of the biggest
challenges in EM. There are many sources of noise in an EM image, for instance
the sample is not in vacuum, imaging occurs at low doses, shot noise, readout
noise and dark current noise (Baxter et al., 2009).

Due to the high-energy electrons that are used for imaging, the bonds of the
molecules in the sample might break, a phenomenon known as radiation dam-
age. To avoid radiation damage, the sample needs to be thin enough, so that
a low electron dose can be sufficient to image the sample. Imaging at low-dose
however results in noisier images. One way of enhancing the obtained signal, is
to collect movies of the sample. Images - or subframes - of the recorded videos
are averaged. By averaging the images the signal is enhanced while at the same
time random noise in the images is lost. This results in an average image with a
high SNR, equivalent to that of a high-dose image. Beam-induced movements
of the sample must also be corrected in the obtained movies, in a process called
motion-correction. Another way to further increase the SNR when imaging in
movie-mode, is by dose-weighting. In addition, the use of direct electron de-
tectors (DEDs) over conventional CCD cameras, can further increase the SNR
and resolution of the recorded images. Collection of larger datasets and better
alignment algorithms during image processing can also increase the alignment
precision and the averaging of individual particle images (Sigworth, 2016). The
use of in-focus phase plates can also help increase the low SNR. Phase plates
introduce a phase shift relative to the unscattered beam so that the contrast
of low spatial frequency details in the sample is enhanced. This takes away the
need of imaging with a defocus to introduce contrast in the image.

Another limitation in EM is the low throughput in image processing. Many parts
of the image processing pipeline, such as image segmentation and classification,
still require a lot of manual intervention, making them very time-consuming. Al-
though many classical image processing approaches have been employed to pro-
vide semi-automated solutions, the low SNR of EM images limits the accuracy
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of those algorithms. Thus, more advanced algorithms that can fully automate
several processing steps and increase the processing throughput are required.
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Abstract

Proteins are involved in all tasks of life, and their characterization is essential
to understand the underlying mechanisms of biological processes. We present
an algorithm called ‘differential visual proteomics’ or DVP, geared to study
proteome-wide structural changes of proteins and protein-complexes between
single disturbed and undisturbed cells or between two cell populations. For the
implementation of this method, the cells are lysed and the lysate is prepared
in a lossless manner for single-particle electron microscopy (EM). The samples
are subsequently imaged in the EM. Individual particles are computationally ex-
tracted from the images and pooled together, while keeping track of which par-
ticle originated from which specimen. The extracted particles are then aligned
and classified. A final quantitative analysis of the particle classes found identifies
the particle structures that differ between positive and negative control samples.
The DVP algorithm and a graphical user interface, VisProt, that were developed
to perform the analysis and to visualize the results were tested with simulated
and experimental data. The results are presented and the potential and limita-
tions of the current implementation are discussed. We envisage the method as
a tool for the untargeted profiling of the structural changes in the proteome of
single-cells as a response to a disturbing force.
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2.1. INTRODUCTION

2.1 Introduction

Proteins are involved in all biological processes and perform multifaceted func-
tions: They catalyze chemical reactions, provide structural stability and dynamics
to the cell, perform essential steps in energy conversion, and play a crucial role
in information processing. Their action is determined by the precise 3D ar-
rangement of their amino-acid side-chains, which build dynamic machineries to
conduct a specific function. In addition, proteins do not only work on their own,
but also in close collaboration with other proteins, often in higher-order assem-
blies or complexes. Thus, the presence and the post-translational modifications
of proteins, the structural rearrangements they undergo and the complexes they
form must be determined in order to understand their action and reaction path-
ways, i.e., the proteome of the cell must be analyzed.

Mass spectrometry (MS) has become the gold standard used to enumerate
the protein constitution of a sample in an untargeted manner (Aebersold and
Mann, 2003). MS also allows quantitative, targeted measurements to be per-
formed (Gygi et al., 1999) and the application of advanced methods involving
cross-linking or limited digestion of proteins to characterize protein assemblies
(Sharon and Robinson, 2007; Stengel et al., 2012; Walzthoeni et al., 2013) or
their structural state (Schopper et al., 2017). Furthermore, MS is the method
of choice to measure post-translational modifications of the proteome such as
phosphorylation (Collins et al., 2007) or ubiquitination (Kirkpatrick et al., 2005).
However, up to now only the most abundant proteins can be detected in samples
obtained from a single eukaryotic cell, even though the technology has made im-
pressive progress during recent years by reducing sample consumption and loss
during the analysis (Doerr, 2019; Yin et al., 2019). Further, despite this immense
progress, MS struggles to deliver structural information for protein complexes,
particularly when single-cell samples are examined.

Today’s super-resolution light microscopy (Sigal et al., 2018) methods enable
the localization of proteins within cells and organelles, and the study of dynamic
biological processes. However, the lateral spatial resolution of 15 nm to 130 nm
achieved under these conditions is not sufficient for the structural analysis of
proteins or the identification of protein complexes in an untargeted approach
without immunofluorescence labeling.

The structural analysis of protein complexes is possible by EM, provided the
specimen is thin enough (below 300 nm) (Koster et al., 1997). This ‘visual
proteomics’ approach allows the identification of large protein complexes in the
three-dimensional (3-D) reconstructions of small cells (Nickell et al., 2006), and
was recently extended to larger cells by milling lamellas in the frozen-hydrated
samples (Villa et al., 2013). However, despite the immense potential for bio-
logical analysis, cryo-ET can only partially characterize the proteome of a cell
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and is not suitable for high-throughput applications. It only allows the largest
complexes to be identified, and requires extensive data processing steps, e.g. the
computational segmentation of tomograms that are crowded with proteins.

Targeted EM-based proteomics is also possible using immuno-gold labels to iden-
tify proteins in tissue sections. In addition, a recently developed antibody-based
assay combines a miniaturized immune-precipitation method with EM to detect
protein binding partners (Giss et al., 2014).

Here, we propose a comparative, untargeted proteome analysis approach based
on single-particle EM and single-cell visual proteomics (Kemmerling et al., 2012;
Engel, 2010; Arnold et al., 2018). We present an algorithm and processing
pipeline for the unsupervised, quantitative analysis of the structural proteome of
single-cells. The steps of this ‘differential visual proteomics’ algorithm and de-
veloped method include the physical segmentation of individual cells (cell lysis)
(Kemmerling et al., 2013), the microfluidic preparation of the total cell contents
for EM (Arnold et al., 2016; Arnold et al., 2017; Schmidli et al., 2018), and
the visual comparison of treated and untreated cell populations and single-cells
(Arnold et al., 2018).The approach aims at identifying proteome-wide differences,
such as a) new proteins, b) newly formed protein complexes, and c) rearranged
protein-complexes.

2.2 Materials and Methods

2.2.1 Sample & grid preparation

2.2.1.1 Batch-cell sample preparation

Human embryonic kidney 293 (HEK293) cells were cultivated in DMEM (Dul-
becco’s Modified Eagles Medium, D6171, Sigma, Switzerland) supplemented
with 1% NEAA (Non-Essential Amino Acids, M7145, Sigma, Switzerland), 1%
GlutamaxTM (Thermo Fisher Scientific, Switzerland), and 10% FCS (Fetal Calf
Serum, E7524, Sigma, Switzerland) at 37 ◦C in a 5% CO2 atmosphere. The
subcultures were passaged 1:6 at a confluency of 70% to 80% using 0.05%
trypsin-EDTA solution (Thermo Fisher Scientific, Switzerland). For the heat-
shock experiments, cells were grown to a confluency of 80% and incubated for
2 h at 40 ◦C in a 5% CO2 atmosphere(positive control), while a control sub-
culture remained at 37 ◦C (negative control). Subsequently, cells were rinsed
in PBS (Dulbecco’s Phosphate Buffered Saline, D8537, Sigma, Switzerland),
shock-frozen by immersing the entire cell culture dishes in liquid nitrogen (LN2),
and stored at −20 ◦C until further use. Cells were thawed on ice, and incubated
for 10min with lysis buffer (137mm NaCl, 5mm KCl, 1.1mm Na2HPO4 ·12H2O,
0.4mm KHPO4, 4mm NaHCO3, 5.5mm glucose, 2mm MgCl, 2mm EGTA,
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5mm MES, pH 6.5 with 1x cOmpleteTM protease inhibitor cocktail, 1mm PMSF,
1mm Na3VO4l, 0.25% sodium deoxycholate, 1% NP40). The prepared sample
had a final concentration of 5000cells µL−1. After removal of membranes and
cell debris by centrifugation at 10 000 relative centrifugal force for 10min, the
protein concentration was determined using the bicinchoninic acid (BCA) assay
and found to be 0.46mgmL−1.

To prepare a series of samples with added urease for quantitative analysis by EM,
the HEK cell lysate was initially diluted 1:100 v/v in HEPES buffer (10mm, pH
7.0). Two microliters of urease from Yersinia enterocolitica bacteria (0.38mgmL−1

in PBS) were subsequently added to 12 µL of the lysate suspension. This was
followed by a series of two-fold dilutions to obtain a total of 6 samples, each
containing a different urease concentration. Two microliters of each sample
were dispensed onto previously glow-discharged EM grids (carbon-film coated
400 mesh copper grid), negatively stained (uranyl acetate 2%, pH 4.3, Fluka
AG, Switzerland) and stored until analysis.

2.2.1.2 Single-cell lysis and sample preparation

Adherent SH-SY5Y cells (SH-SY5Y human neuroblastoma cell line, 94030304,
Sigma, Switzerland) were cultured in polystyrene T25 flasks in 5 µL proliferation
medium. The medium was a 1:1 v/v mixture of DMEM (Dulbecco’s Modi-
fied Eagles Medium, D6171, Sigma, Switzerland) and HamF12 (Nutrient Mix-
ture F-12Ham, N8641, Sigma, Switzerland) with 5% FCS (Fetal Calf Serum,
E7524, Sigma, Switzerland), NEAA (Non-Essential Amino Acids, M7145, Sigma,
Switzerland) and L glutamine (G7513, Sigma, Switzerland). The cells were
seeded into the flask and proliferated for three days at 37 ◦C in a 5% CO2 atmo-
sphere. They were subsequently washed with 5mL PBS, detached with 1 mL of
trypsin-EDTA solution (0.05% Trypsin, 0.53 mM EDTA; 25300-054, Invitrogen,
Switzerland) and diluted with 5 mL of preheated proliferation medium. The cells
were then centrifuged (800 rpm, 5min at room temperature) and excess medium
over the pellet was removed. They were resuspended in, 5mL of fresh, 37 ◦C
warm medium. One milliliter of the resuspended cells was then pipetted into
a new T25 flask and 4mL of medium was added. The remaining 4mL of cells
were transferred to PDMS wells prepared on indium tin oxide (ITO)-coated glass
slides for single-cell lysis.

The wells were prepared immediately before cell transfer as follows: The ITO-
coated glass slides were dipped in 100% ethanol and flame-sterilized. The
poly(dimethylsiloxane) (PDMS, Dow Corning SYLGARD 184) rings that formed
the wells were then placed on their upper surface. The resulting wells had a
diameter of either 14mm or 4mm and a depth of 2mm to 4mm. Subsequently,
the wells were filled with PLL (poly L lysine, P8920, Sigma, Switzerland), in-
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cubated for 15min, and finally washed with PBS. The PLL layer in the wells
improved cell adhesion to the ITO slide. The wells were loaded with about
25 000cells cm−2 in proliferation media. At the cell concentration of the 4mL
of culture reserved for this purpose, this corresponded to 100 µL per 14mm well,
and to 10 µL per 4mm well. Subsequently, the cells were stored at 37 ◦C, in a
5% CO2 atmosphere.

The cryoWriter setup was used for the single-cell lysis as described previously
(Kemmerling et al., 2013; Arnold et al., 2016; Arnold et al., 2017; Schmidli et al.,
2018). The ITO-slides with the cells were transferred to the culture-chamber
(Tokai Hit, Japan) at 37 ◦C and 5% CO2, and the conductive ITO slide was
connected to the grounded stage (Prior Scientific, UK). For the heat-shock ex-
periments, the temperature in the cell culture chamber was increased and kept
at 40 ◦C and 5% CO2 for 1 h. A fused silica microcapillary (New Objective Inc.,
Woburn, MA, USA) was coated in-house with 20 nm Ti/W and 200 nm Pt. The
microcapillary was connected to a function generator (33220A, Agilent, Switzer-
land) via a linear voltage amplifier (F20A, FLC Electronic AB, Sweden). The
microcapillary and high-precision syringe pump (Cetoni GmbH, Germany) were
prefilled with H2O system liquid (Water for Molecular Biology, Merck Millipore,
Germany). Before lysis, the cells were washed with PBS and lysis buffer (HEPES,
50mm, pH 7.4). The microcapillary was placed ≈ 5 µm above the target-cell,
and the cell was lysed by electroporation and simultaneous aspiration of a 3 nL
to 5 nL-volume. Negative stain sample preparation was performed by a diffusion-
driven process as described previously (Arnold et al., 2018). Thereby, the nozzle
containing the cell-lysate was dipped into a reservoir of negative stain (NanoW
2%, pH 6.8, Nanoprobes, USA) for 8min for conditioning. Subsequently, the
cell lysate-solution was dispensed onto a glow-discharged EM grid (200 mesh or
400 mesh copper grid, covered with a carbon-coated parlodion film). The EM
grid was slowly air-dried by gradually increasing the grid temperature from the
dew-point to 1 ◦C to 2 ◦C above the dew point to avoid coffee-ring effects. The
grid was then removed and stored until imaging in the EM.

2.2.2 Test data simulation and data collection

2.2.2.1 Cryo-EM data simulation

Eight models were used from the RCSB Protein Data Bank (PDB IDs - 4Z42:
urease (MW: 1MDa), 1SS8: GroEL (MW: 772 kDa), 1DP0: β-galactosidase
(MW: 475 kDa), 6FHS: INO80core (MW: 605 kDa), 3CQX: chaperone com-
plex (MW: 104 kDa), 4FL9: Hsc70 (MW: 61 kDa), 4IT5: HscB (MW: 81 kDa),
3GLA: HspA (MW: 22 kDa)). Cryo-EM images were simulated by projection of
the 3D mass densities into 2D images (EMAN2.2, Tang et al., 2007 and Dy-
namo, Castaño-Díez et al., 2012). In total 40 projections were created for each
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density with the Euler angles φ = 0°, θ = 0° to 180° and ψ = 0° to 315° (ZXZ’
convention) with a 45° increment. In addition, preferential orientations were
imposed for all particles (see supplemental information Fig. A.1)).

Electron interference in the microscope and shot noise were accounted for by
applying a contrast transfer function (CTF) and adding Poisson noise to the
constructed images. Moreover, Gaussian noise was added both prior to and af-
ter application of the CTF in order to simulate the effect of the vitreous ice
and the camera readout noise respectively. The parameters set for the CTF
were based on the experimental parameters of a FEI Polara TEM, operated at
300 kV, with a spherical aberration of 2mm and 3 µm underfocus. In total, 3
datasets were generated, each consisting of 100 micrographs. Data analysis was
performed in Matlab 9.0 (The Mathworks, Inc., Natick, Massachusetts, United
States and MATLAB Central File Exchange functions Cobeldick, 2012, Retrieved
Dec 15, 2016; Sigworth, 2009, Retrieved Dec 15, 2016; Altman, 2007, Retrieved
Mar 20, 2017) as described in the following sections.

2.2.2.2 Single-particle EM of batch-cell lysates

Data collection was performed with an FEI T12 TEM operated at 120 kV and
equipped with a TVIPS F416 CMOS camera. Samples were imaged at low total
electron dose conditions (20 e− Å−2). Twenty micrographs were acquired for
each of six samples.

2.2.2.3 Single-particle EM of single-cell lysates

Data collection was performed on an FEI Talos TEM with a 200 kV FEG, an FEI
Ceta 16M Pixel CMOS camera using SerialEM (Mastronarde, 2005). A total of
100 micrographs were collected for the control sample and, similarly, a total of
100 micrographs were collected for the heat-shocked sample.

2.3 Results and discussion

The work resulted in an algorithm and processing pipeline geared to quantita-
tively analyze the structural proteome of single-cells to elucidate changes in pro-
tein concentration and/or structure depending on, e.g. cell maturity or imposed
stress situations. The procedure relies on the loss-less preparation of samples for
single-particle EM using microfluidic procedures as outlined previously (Arnold
et al., 2016; Arnold et al., 2017).
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2.3.1 The Differential Visual Proteomics (DVP) algorithm

The image-processing algorithm and work-pipeline are depicted in Fig. 2.1. A
particle picking algorithm is used to automatically select and extract all protein
particles from the collected micrographs. The particles obtained from all datasets
are merged while keeping track of the origin of every particle, i.e., the dataset
and the image. Subsequently, the particles of the merged gallery are aligned and
classified into 2D projection classes. Finally, the resulting classes are quantita-
tively analyzed to identify protein classes representing significant changes in the
proteome across the different datasets.

The method and DVP-algorithm was developed and tested using a) simulated
cryo-EM datasets that consisted of proteins/protein-complexes of different sizes
and at different concentrations, b) negatively stained batch-cell lysate EM datasets
of the negative control and of samples with added urease at various concentra-
tions, and, c) negatively stained single-cell lysate of the negative control and of
heat-shocked cells. More implementation and analysis details are described in
the following sections.

2.3.1.1 Implementation of the DVP algorithm

The algorithm was implemented using custom Matlab- and bash shell-scripts for
image handling and image analysis tasks as well as scripts that call external pack-
ages, depending on the given application. All scripts were brought together into
one pipeline by a graphical user interface (GUI), named VisProt, which was writ-
ten in Matlab. VisProt consists of tabs allocated to the different processing steps,
making the processing pipeline more user-friendly and easy to navigate. It allows
the user to upload EM micrographs, adjust processing parameters and visual-
ize the results (see supplemental information Fig. A.2–A.4). Depending on the
sample preparation method, different pre-processing steps and particle picking al-
gorithms were used; Gautomatch (K. Zhang, www.mrc-lmb.cam.ac.uk/kzhang/)
was used for cryo-EM data, a Matlab-based thresholding algorithm was used for
negatively stained samples. The processing steps after the particle picking were
the same for all samples.

Initial testing of the algorithm and benchmarking was done using simulated cryo-
EM datasets. Parameters of the applied contrast transfer function (CTF) (as
detailed in the Methods section) were initially estimated using CTFFIND4 (Ro-
hou and Grigorieff, 2015). For cryo-EM particle picking, Matlab was interfaced
with Gautomatch. To deal with the heterogeneity in particle shapes and sizes,
a custom Matlab script allows the selection of a range of input particle picking
diameters and enables Gautomatch to run several times, each time increasing
the diameter by a step of 5Å.
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Figure 2.1: ‘Differential visual proteomics’ (DVP) algorithm and workflow. Samples
of positive- and negative-control cell lysates were prepared for single-particle EM. The
sample was imaged with sufficient resolution for particle recognition and classification,
resulting in a stack of micrographs. Subsequently, the protein projections from each
sample were extracted and merged into a common particle library. Importantly, the
origin of every particle was tracked. The particles of the merged library were aligned
and classified. The resulting protein categories were quantitatively analyzed to iden-
tify differences in the proteome structure of the samples of the positive- and negative
control.
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Further evaluation of the algorithm was done using experimental negative stain
datasets from batch- and single-cell lysates. For all negatively stained samples,
the raw micrographs were smoothed prior to particle picking. Automatic image
segmentation was achieved by the implementation of an intensity thresholding
algorithm in Matlab. The algorithm divided each micrograph into blocks and
calculated the mean grey value for each block. To create a binary image, the
intensity of each pixel in the original image was compared to the threshold mean
value of the block to which the pixel belongs. The segmented particles were
additionally filtered by size, based on the size range defined by the user before
picking (see supplemental information Fig. A.2).

After particle picking, all data processing was performed similarly; selected par-
ticles from all datasets were extracted from the micrographs based on the coor-
dinates returned by Gautomatch or the Matlab algorithm. All extracted particles
were merged and given to RELION-2.1 (Scheres, 2012) for 2D classification via
a wrapper implemented in Matlab. The parameters used for the classification,
e.g. number of classes to be returned, number of iterations, etc.) were adjusted
via a custom interface (see supplemental information Fig. A.3). For the 2D
classification RELION rotates and shifts the protein projections in order to find
the best alignments among the projections and group them into structurally sim-
ilar classes. During the classification, RELION estimates the accuracy of each
orientational alignment of the particles and the probability that a particle is cor-
rectly assigned to a class. Currently, for our analysis, all particles assigned to
2D classes are kept. Subsequently, the results of the alignment and 2D classi-
fication are returned as 2D averages of the particles in each class. All returned
class-averages were evaluated by the user; classes with the sharp class-averages
that result when particles are well aligned were saved for further quantification,
while classes with noisy and blurry class-averages were discarded.

Quantification of the number of particles in each class was done using the
metadata in the text file of the saved classes. Keeping track of which parti-
cle originated from which dataset for each identified class allowed changes in the
proteome of the different samples to be detected. A principal component anal-
ysis (PCA) was used to extract the classes with the most significant variance in
abundance across the datasets. Particle abundances were normalized by dividing
the particle count per particle class and dataset by the sum of all particles per
dataset.

The time required for the analysis primarily depended on the speed of the par-
ticle picking and the 2D classification. The broader the diameter range of the
particles to be selected and the larger the number of micrographs, the longer the
processing time required. The time for particle picking was usually within the
span of some minutes and for 2D classification within the span of two to three
hours (particle picking in Gautomatch and classification in RELION were both
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Figure 2.2: Testing the DVP algorithm using simulated cryo-EM data. (a) Exemplary
micrograph for the simulated dataset 2 (see supplemental information Fig. A.6). Inset:
GroEL particles with adjusted contrast at 3× higher magnification. (b) Typical 2D
class-averages given by the particle classification (24 representative class-averages are
shown). Scale bars: 30 nm.

GPU accelerated).

2.3.1.2 Data augmentation for error estimation

Augmentation of the collected micrographs in order to estimate errors in the
number of particles identified per dataset was done using the bootstrapping
method (Efron, 1979). Initially, the experimental sum of the particles was cal-
culated over all micrographs for each protein class and each dataset, after the
classification step using the class metadata as described above. Resampled num-
bers of particles per micrograph were subsequently generated, and a new sum
was estimated. The procedure was repeated one thousand times resulting in one
thousand sum values per protein class and dataset. Errors were then calculated
as the standard deviation of the generated sum values.

2.3.2 Application to simulated data

Initial testing of the algorithm was done using simulated cryo-EM micrographs of
mixtures of eight different proteins. Initially, 40 projections were created for each
protein type. Preferential orientations were subsequently imposed to simulate a
real-case scenario and reduce the projection space and the sample complexity.
In total three datasets were generated, each consisting of 100 micrographs. The
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Figure 2.3: Analysis of simulated cryo-EM data using the DVP algorithm. (a) Num-
ber of identified particles for each protein class normalized with the total number of
particles found per dataset (not including the rejected classes). In this case, after the
2D classification all particles of the same protein type (regardless of the orientation)
were saved as one ‘larger’ parent class. (b) Automatic identification of classes with a
significant variation by PCA. In this case, after the 2D classification, particles of the
same protein type having the same orientation were saved as one class, those with
another orientation were saved as another class, etc.
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concentration of four of the proteins present (GroEL, urease, chaperone and
Hsc70) varied from dataset to dataset, the concentration of the other four pro-
teins was the same. A description of the simulated micrographs is shown in
supplemental information Fig. A.6. A simulated micrograph that includes all
eight proteins is shown in Fig. 2.2a. In total, 58 300 particles were picked from
the 300 micrographs and a 2D particle alignment yielded 44 well-aligned 2D
classes (Fig. 2.2b).

As explained in the section above, after alignment, RELION groups the different
particles (protein orientations) into classes and returns a 2D average of the parti-
cles present within each class, i.e. one average per identified class. Classes with
sharp class-averages that clearly show structural features (indicating good align-
ment of the constituent particles), are saved in text files for further analysis. For
the simulated datasets, the resulting 2D classes were initially saved by assigning
all classes that contained the same protein type to one ‘larger’ parent class, e.g.
all classes arising from the various orientations of urease particles were assigned
to one urease parent class. The number of particles in eight parent classes is
shown in Fig. 2.3a, i.e. the total number of particles identified for each protein
type. The difference between the number of the simulated particles forming the
dataset and the computationally retrieved particles is shown in supplemental in-
formation Fig. A.6.

Subsequently, the 2D classes returned by the classification were saved by as-
signing each class to a single class file, e.g. urease particles in one orientation
constitute one class, urease particles in another orientation constitute another
class, etc. PCA of the identified 2D protein classes automatically extracted the
subgroup of proteins with the largest variance in abundance between datasets
(Fig. 2.3b).

As expected, classes of GroEL, urease, chaperone and Hsc70, which had dif-
ferent concentrations across the 3 datasets, were automatically extracted by the
PCA. For the larger proteins (e.g. urease and GroEL) and for proteins with
distinct features (e.g. chaperone) the variation detected and the variation sim-
ulated are in good agreement. In addition, all classes that represent different
orientations of the same protein vary in a similar manner. For the small proteins,
the number of particles that classified correctly was lower than expected (e.g.
Hsc70, HscB and HspA, see supplemental information Fig. A.6), due to limi-
tations in particle alignment. The relative drop in the number of particles with
respect to the dataset with the maximum number of particles in the simulated
data and in the resulting quantification is shown in Fig. 2.4 for each protein
parent class. Except for the HscB and HspA classes, all classes identified exhibit
a linear relationship between the number of detected particles and the sample,
which is in good agreement with the simulated variation across the samples. The
detection rate and accuracy of the algorithm therefore depends on the molecular
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weight of the proteins of interest. Large proteins (>100 kDa) are easier to align,
and are thus more accurately assigned to classes during the 2D classification.
The algorithm also performs better if the proteins have unique features or a
unique shape (e.g. the chaperone complex). The lack of distinct features in the
case of small proteins, such as HscB and HspA, is the current bottleneck of the
method; continuous advances in alignment algorithms and in electron detectors
will help shift this limit to smaller protein sizes.

The variation in the number of picked particles and particles that are well aligned
as a function of the resolution of the 3D volumes generated prior to projection
(with applied Gaussian noise 1/SNR = 1/0.0004) is shown in supplemental in-
formation Fig. A.7a and as a function of the Gaussian (readout) noise applied
to the simulated images (at 4Å resolution) in supplemental information Fig.
A.7b. The observed number of picked particles is independent of both the 3D
volume resolution and the applied readout noise. However, as the signal-to-noise
ratio of the recorded images increases, the performance of the particle alignment
improves.

2.3.3 Application to batch-cell data

In order to evaluate the algorithm’s detection performance as a function of the
protein concentration, experimental EM data of a batch of HEK293 cells were
analyzed using the DVP algorithm. In total 6 samples of HEK293 lysate were
prepared from the same stock for the quantitative analysis, each supplemented
with a different urease concentration. The lysates were negatively stained using
a conventional, manual method (see Materials and Methods). The blotting step
required in the manual preparation of the EM grids resulted in a sample loss
(Arnold et al., 2016). The analysis of experimental data from HEK293 batch-
cell lysates using the DVP algorithm is demonstrated in Fig. 2.5.

Approximately 96 000 particles were picked from the 120 micrographs of the
batch-cell sample (Fig. 2.5a). A 2D classification of the extracted particles gave
48 classes with a total of 71 000well-aligned particles (Fig. 2.5b). This was
followed by PCA. The number of particles per class and dataset prior to PCA
is shown in supplemental information Fig. A.8. The particle classes identified
as significant by PCA are shown in Fig. 2.5c; the urease class is clearly visible.
With the exception of sample C4, the number of detected urease particles fol-
lows the linear drop in the actual concentration of the protein in the samples,
as expected. The low number of urease particles detected for sample C4 is in
agreement with the unexpectedly low number of urease particles visible during
EM data collection.
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Figure 2.4: Analysis of simulated cryo-EM data using the DVP algorithm. The fol-
lowing is shown for each parent class. Top: Simulated particles as a percentage of the
dataset with the maximum simulated number of particles. Bottom: Computationally
retrieved particles prior to PCA as a percentage of the dataset with the maximum iden-
tified number of particles. In boldface are the parent classes with varied simulated and
experimentally identified concentrations, respectively.
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Figure 2.5: Analysis of negative stain EM data of HEK293 batch cell-lysate using the
DVP algorithm. (a) Automatically picked particles in the negatively stained sample
with the highest urease concentration. Inset: view of picked particles at 2.5× higher
magnification. (b) Representative class-averages after particle classification. 27 2D
class-averages are shown. (c) Automatic identification of classes with a significant
variation by PCA. The number of particles for each protein class is normalized with
the total number of particles found per dataset (not including the rejected classes);
samples C1-6 in order of decreasing urease concentration. The identified urease class
is indicated in red. Scale bars: 40 nm.
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2.3.4 Application to single-cell data

The performance of the DVP algorithm was also demonstrated by analyzing neg-
ative stain data of heat-shocked and negative control SH-SY5Y single-cells (see
Fig. 2.6). Exposure of cells to a heat-shock upregulates the expression of some
proteins, e.g. chaperones (Arnold et al., 2016). The negative control and heat-
shocked samples were prepared using the cryoWriter setup (Kemmerling et al.,
2013; Arnold et al., 2016; Arnold et al., 2017; Schmidli et al., 2018), which
allows for the lossless preparation of samples on EM grids using a microcapillary.

In total 120 000 particles were picked from 200 micrographs of the single-cell
samples (Fig. 2.6a). An example of the automatically picked particles is shown
in supplemental information Fig. A.9. Two subsequent classification rounds
yielded 28 final classes each containing 5500 particles (Fig. 2.6b). Classes with
the largest variance in abundance are shown in Fig. 2.6c. A ring-like protein
with an outer diameter of ∼14 nm present in the extracted significant classes,
resembles the Tric/CCT complex (Booth et al., 2008; Leitner et al., 2012).

2.3.5 Limitations and future improvements

The DVP algorithm is intended to be a complementary approach to conventional
proteomics methods such as MS. The presented example applications demon-
strate the capabilities of the algorithm and should be seen as a proof of concept.

The DVP approach enables the visual identification of significant differences
between the proteomes of cells that were subjected to different conditions. Lim-
itations in particle alignment and 2D classification are the current bottleneck of
the method. Large proteins (>100 kDa) are easier to align, and are thus more
accurately assigned to classes during the 2D classification. Proteins with a lower
molecular weight (<100 kDa) that lack distinct features are more difficult to
align. Images of very small proteins are more affected by the low signal-to-noise
ratio, which is the main limiting factor in our approach. A low signal-to-noise
ratio decreases the accuracy of the projection alignment procedure, which means
that more projections are discarded. Consequently, the detection frequency and
the accuracy of the classification currently depend on the size and shape unique-
ness of the proteins of interest. However, the field of EM is rapidly improving. A
few years ago, atomic-resolution structure analysis by single-particle EM was lim-
ited to protein complexes larger than 1MDa. The development of direct electron
detectors, has lowered the molecular weight limit to 100 kDa. Similarly, future
improvements in electron detectors will increase the signal-to-noise ratio by at
least a factor of two (Sigworth, 2016), and will continue to lower the molec-
ular weight limit. In addition to a decrease in the readout noise, an increase
in the readout speed will be achieved. Moreover, the use of an energy filter in
the electron microscope can boost the signal-to-noise ratio by removing inelas-
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Figure 2.6: Analysis of negative stain EM data of SH-SY5Y single-cells using the
DVP algorithm. (a) Micrograph of lysate from a heat-shocked single-cell. Scale bar:
100 nm. (b) Representative class-averages after particle classification. 14 class-averages
are shown. Scale bar: 20 nm. (c) Automatic identification of classes with a significant
variation by PCA. The number of particles in each protein class is normalized with the
total particle number found per dataset (not including the rejected classes); yellow:
heat-shocked cell; blue: cell grown under standard conditions. The class indicated in
red contains ring-like projections with the dimensions and structure of a heat-shock
protein (Booth et al., 2008; Leitner et al., 2012).
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tically scattered electrons, and the use of a Volta phase-plate can additionally
increase the signal-to-noise ratio by approximately a factor of two (Khoshouei
et al., 2017) by optimizing the contrast transfer.

For the 2D alignment and classification, RELION performs an iterative cross-
correlation between the generated 2D class-average and the given particle im-
age. After a particle is assigned to a class, the corresponding 2D class-average
is updated and used as the new reference for the 2D classification. Therefore,
a minimum overall fourfold increase of the signal-to-noise ratio in a particle
image will result in a sixteenfold improvement of the alignment precision and
significantly boost the overall performance of the algorithm. In addition, for
our experiments, we preliminarily used the negative stain preparation method,
which provides a high signal-to-noise ratio, but a limited resolution of maximally
15Å. In the future, improved single-cell cryo-EM preparation methods with an
achievable resolution below 2Å will allow smaller proteins to be addressed.

Another aspect is that low abundance proteins that do not appear frequently in
the collected micrographs might be wrongly assigned to classes of other proteins
due to the low signal-to-noise ratio their few projections have in the averaging
step. To overcome this limitation, the user can select either to have a higher
number of classes in the 2D classification or to do multiple classification rounds.
In the latter case, noisy or artifact class-averages are discarded (as mentioned
earlier) after each classification round, and the classification algorithm re-sorts
the remaining protein particles. The separation of different protein types is im-
proved by this as long as the number of remaining protein particles does not
decrease significantly. Collection of larger datasets and therefore larger numbers
of particles could also help overcome this limitation. In addition, better parti-
cle picking algorithms can help limit the impact of non-Gaussian noise in the
data, such as broken particles or other sample artifacts, and therefore improve
the quality of the alignment and improve the identification of low abundance
proteins.

As seen in the analysis of the simulated datasets, all identified classes that
represent different orientations of the same protein, varied in a similar manner
across the datasets. The impact of random protein orientations in the images is
therefore minimal. If necessary, in real experiments EM grids that favor prefer-
ential orientations can be prepared to help the user assign the different protein
orientations to the corresponding proteins more accurately and interpret the re-
sults of the 2D classification correctly.

We envision the DVP algorithm as an approach that could be used in the future
for the semi-targeted visual inspection of a cell’s proteome. To that end, our
aim is to extend the current algorithm by including scripts for the annotation
of unknown proteins that are relevant to the given biological question, e.g. to
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identify proteins that only become significantly abundant under certain medically
relevant conditions. Annotation could be accomplished by implementing a 2D
correlation procedure to compare protein projections identified as significant to a
library of reference 2D projections of 3D volumes taken from a protein-structure
database. The comparison with database information can also be used to identify
projection classes showing different viewing angles of the same protein complex.
Unfortunately, the current structural databases are fragmented and incomplete.
However, due the recent progress in the field of structural biology (mainly to the
rise of cryo-EM), this gap is rapidly filling.

2.4 Conclusion

We have demonstrated the use of a novel approach called ‘differential visual
proteomics’ to detect the differences between the structural proteomes of single-
cells or the average proteomes of cell populations. The algorithm brings together
tools used in single-particle EM analysis and inherits their advantages, thereby
enabling the high-resolution structural analysis of the cell proteome. It is in-
tended to be a complementary approach to conventional methods in proteomics.
Combined with advances in EM sample preparation techniques that allow the
analysis of single-cells – such as the lossless preparation achieved with the cry-
oWriter (Kemmerling et al., 2013; Arnold et al., 2016; Arnold et al., 2017) –
this method makes the visual investigation of the proteome of individual cells
feasible.

Dependencies and availability

The DVP algorithm is supported for Linux/MacOS platforms and requires Mat-
lab 9.0 (R2016a) or later. Particle picking with Gautomatch and 2D classi-
fication with RELION require a computer cluster (tested on nodes with Cen-
tOS 7.3/Slurm Workload Manager environment). The following software ver-
sions were used n the presented experiments: Gautomatch v0.53 (GPU accel-
erated, NVIDIA Tesla K80), CTFFIND-4.1.4 and RELION-2.1 (GPU acceler-
ated, NVIDIA Titan X Pascal). Source code is available on GitHub (https:
//github.com/C-CINA/VisProt) under the GNU General Public License v3.0.

Supporting Information

The supporting information for this article can be found in the ACS website
http://pubs.acs.org at DOI: 10.1021/acs.jproteome.9b00447 and in Appendix
A.
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3 Deep learning-based image analysis tools for EM

3.1 Scope

EM image processing, such as the recognition of proteins in cryo-EM images,
the segmentation of regions of interest in cryo-electron tomograms or the iden-
tification of regions of interest for data collection in EM grids, is a very time-
consuming task, especially because it still needs a lot of manual intervention.
Although many classical image processing approaches have been employed to
provide semi-automated solutions, the low SNR of EM images limits the accu-
racy of such algorithms and more advanced algorithms that can overcome this
limitation and increase the processing throughput are required.

Deep learning is a type of machine learning based on neural networks, which
allows the identification of patterns and features in complex data. The term
“deep” refers to the fact that neural network models are multi-layered, making
the identification of more complex and high-level features in the data possible.
The features are learned by the model without any prior knowledge, given only
existing data as examples. Deep learning has recently gained a lot of attention
and has been extensively used for image classification and image segmentation
purposes in a broad range of fields. It has also benefited the EM field, by en-
abling automated EM image segmentation and particle picking (Wagner et al.,
2019; Chen et al., 2017; Yao et al., 2019).

This chapter presents the development of two deep learning-based tools for EM:
a) the development of an algorithm that enables the automated selection of grid
holes in lacey grids for automated grid screening and data acquisition, and b)
the development of an algorithm for the detection of gold fiducials in cryo-ET
data for the alignment of tilt-series. The employed algorithms are based on
convolutional neural networks (CNNs).
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3.2 Holepicker: An algorithm for the automated de-
tection of holes in lacey grids

3.2.1 Introduction

Cryo-EM allows the 3D reconstruction of proteins at a near-atomic resolution.
In order to achieve a high resolution, there is the need for the collection of a
large number of cryo-EM micrographs. A typical data acquisition strategy con-
sists of three imaging steps at low, middle and high magnification. Firstly, a low
magnification image of the full surface of the vitrified grid is inspected, the so
called atlas of the grid. This helps the user to identify regions of interest (grid
squares), where the ice quality is good and appropriate for data collection. The
next step is to collect images of individual grid squares at intermediate magnifi-
cation. Most grids used in cryo-EM are covered by a holey carbon film deposited
on them. Quantifoil grids (QUANTIFOIL® Holey Carbon Films, Germany) are
covered by a carbon film with a regular array of circular holes, whereas lacey grids
are covered by a carbon film with holes of irregular sizes and shapes (Nicholson
et al., 2010). Thus, at intermediate magnification, the user can inspect the
quality of the grid holes and select the most promising ones for high-resolution
imaging. Finally, the user can record high magnification images at each hole of
the carbon film, used for the later 3D protein reconstruction.

The process of grid screening at intermediate magnification however, when done
manually, can be very time consuming. For this reason, there are many soft-
ware packages that enable the automated grid screening and collection of data,
with little user intervention needed. For instance, EPU (Thermo Fisher Scien-
tific, Eindhoven, The Netherlands) enables the automated screening of the grid
squares in the grid atlas based on the quality of the ice in each square. Another
software, Leginon (Carragher et al., 2000), uses templates to automatically se-
lect holes with good-quality ice in Quantifoil grids. The automatic detection
and selection of holes in lacey carbon films however is more complicated, due to
the irregular sizes and shapes of the holes. In a recent study (Nicholson et al.,
2010), Leginon was used to target holes in a lacey grid, by setting the acquisition
targets as a rectangular array of points. This approach takes advantage of the
fact that the lacey holes are close to each other, meaning that most of the area
in a grid square is covered by ice. This approach however has the disadvantage
that the selection of holes for imaging might not be accurate enough, as regions
with broken ice, or regions with artifacts might be selected.

This section describes the development of an algorithm called Holepicker that
can be used for the automatic segmentation and detection of good quality lacey
holes for later high-resolution imaging. The method is based on CNNs, which
are trained to automatically detect and select lacey holes from images with inter-
mediate magnification and at the same time avoid regions with artifacts and/or
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regions with no ice.

3.2.2 Implementation and testing of the Holepicker algorithm

The Holepicker algorithm was implemented in Matlab 9.0 using the Deep Learn-
ing Toolbox (The Mathworks, Inc., Natick, Massachusetts, United States). It
was developed and tested using cryo-EM images of lacey grids prepared for SPA.
Images were collected in a FEI Titan Krios with a Gatan K2 camera and recorded
at intermediate magnification. For the training data one of the recorded images
was initially 4× binned and normalized. Subsequent cropping resulted in ∼3,300
training images of 64×64 pixels. Pixel-based ground truth labeling of the lacey
holes was done manually in the original image. The image was labeled for bi-
nary classification; good-quality lacey holes that are appropriate for imaging were
marked as positive examples while holes with broken ice, regions where the car-
bon film is broken, other artifacts or very small holes were labeled as negative
examples (see Fig. 3.1a,b). The labeled image was also 4× binned and subse-
quently cropped to generate the training labels. One CNN model was trained
for recognizing and selecting good-quality lacey holes and ignoring all the rest
(see Fig. 3.1). The CNN consisted of only a few layers (see Appendix B) and
was trained on 8 GPUs (NVIDIA Titan X) in 10 minutes.

After training, the CNN was used to select holes in unseen images of lacey
grids. Prior to the segmentation, the test images were also normalized and 4×
binned. For the testing, the trained CNN was applied to entire images of lacey
grids (∼4’000×4’000 pixels). Training on one image was sufficient to achieve
a high segmentation accuracy on 30 test images recorded under similar imaging
conditions to those of the training image. As expected, only holes with good ice
quality that are appropriate for high-resolution imaging were positively labeled
by the trained model, and very small holes, or holes without ice were labeled as
negative examples of holes (see Fig. 3.2). In order to extend the applicability of
this approach to lacey grids imaged at different imaging conditions (e.g. differ-
ent magnification, brightness, etc), more training images with a broader range
of characteristics would be required.

3.3 Beadpicker: An algorithm for the recognition
of fiducials in cryo-ET

3.3.1 Introduction

During cryo-ET imaging, the microscope stage together with the sample are
incrementally rotated and projections of the sample at different tilt-angles are
collected. Unwanted mechanical shifts of the grid stage (in directions other than
the direction of the rotation), can cause shifts in the XY plane between the
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Figure 3.1: Holepicker algorithm workflow. (a) One image of a lacey grid at interme-
diate magnification is used to create the training images (see left column of the inset,
4.5× magnification). (b) Holes appropriate for imaging are manually labeled in the
image in order to create the ground truth training labels (see right column of the inset,
4.5× magnification). A CNN is subsequently trained and used to label new images.
(c) Predicted labels given by the CNN when tested on the same image that was used
to obtain the training data. All pixels labeled as holes by the CNN are shown in purple,
while pixels labeled as non holes are shown in turquoise.
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Figure 3.2: Testing the Holepicker algorithm on previously unseen images of lacey
grids. The algorithm automatically returns the centers of the holes predicted by the
CNN (shown in green).
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recorded tilts. Those shifts between tilts need to be corrected during processing,
in order to obtain high-resolution back-projections.

Existing approaches for achieving tilt-series alignment are either fiducial-based
or fiducial-less. In the most common case of fiducial-based methods, gold beads
or quantum dots are embedded in the sample and are used as fiducial markers
(Lawrence, 1992). Those markers are used to create a model that describes the
tilt-series parameters, including the shift in the images. In cases where fidu-
cial markers cannot be embedded in the sample, fiducial-less approaches can be
employed. A common fiducial-less approach is to cross-correlate and track high-
contrast features of the sample itself (instead of bead markers) in the obtained
tilt-series (Castaño-Díez et al., 2010), in order to compute the image shifts. In
either case, coordinates of the chosen reference points in the image (either fidu-
cial markers or other image features) need to be initially determined. Each of
those markers are tracked through all the tilts. A least squares regression uses
the positions of each of the markers at each tilt image and gives the parameters
of the model. Subsequently, given the shift parameter, the tilt-series can be
aligned and used for the 3D sample reconstruction (Leigh et al., 2019).

Many existing software aim to address those challenges, from gold bead pick-
ing (in the case of fiducial-based methods) to bead movement tracking and
tilt-series alignment. For instance, IMOD (Mastronarde and Held, 2017) uses
cross-correlation to localize beads in the tilt-series. Tracking of the beads in
IMOD can be done in an automatic or semi-automatic manner. Initially a so
called “seed model” is generated from beads at low tilts. This seed model is then
extended and beads that meet certain criteria are tracked throughout all tilts.
However, with this approach beads that might only be present at higher tilts are
missed.

This section describes the development of a deep-learning based algorithm called
Beadpicker that can be used to automatically localize gold beads in tilt-series
and classify them into a) single beads, b) bead clusters, or c) artifacts. The
separation of the classes is needed for later tracking the trajectories of the beads
and computing the tilt shifts.

3.3.2 Implementation and testing of the Beadpicker algorithm

Gold bead fiducial markers are small spheres (of 5 nm to 10 nm in diameter, Leigh
et al., 2019) that appear as dark circles in the images. The Beadpicker algorithm
consists of two parts: an intensity thresholding algorithm is initially implemented
for localizing all beads in each tilt-image. A CNN model is subsequently trained
and used to classify the selected beads into three classes; a) individual beads, b)
bead clusters, or c) other artifacts. Separation of the selected beads into classes
is important for tracking their trajectories at a later stage.
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Figure 3.3: Beadpicker algorithm workflow. A CNN is initially trained using manually
prepared example images of individual beads, bead clusters and artifacts (as shown
under “training data"). (a) All bead-like particles are detected in previously unseen tilt
images using an intensity thresholding algorithm. (b) The trained CNN is subsequently
applied on the tilt image to classify all the picked particles into three categories: single
beads (green), bead clusters (blue) or artifacts (red). Beads are 10 nm in diameter.

52
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Figure 3.4: Testing the Beadpicker algorithm on previously unseen tilt-series. The
algorithm automatically picks the bead-like particles in the images (here all circled
particles) and subsequently classifies them in: single beads (green), artifacts (red),
bead clusters (blue, none found here). Beads are 10 nm in diameter.

The Beadpicker algorithm was implemented in Matlab 9.0 using the Deep Learn-
ing Toolbox (The Mathworks, Inc., Natick, Massachusetts, United States). It
was developed and tested using cryo-ET tilt-series of 5-HT3-receptors reconsti-
tuted in liposomes. Images were acquired on a FEI Titan Krios, operating at
300 KeV, equipped with a Gatan K2 camera and with pixel size 1.695Å.

The initial particle picking was done by initially smoothing the tilt images. The
mean intensity for each of the tilts was subsequently estimated. This value was
used for thresholding each tilt image and for creating its corresponding binary
image. The segmented particles were additionally filtered by size, based on the
given size of the gold beads (in this case 10 nm in diameter, see Fig. 3.3a). All
identified particles were automatically cropped from the tilt-series into individual
images of 100×100 pixels and were given as an input to the trained CNN. Sub-
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sequently, the model classified the bead images and returned the label for each
one of them (see Fig. 3.3b).

Training of the CNN was done using 1’000 100×100-pixels images of single
beads, 50 100×100-pixels images of bead clusters and 700 100×100-pixels im-
ages of artifacts. Those training images were cropped manually from tilt images
of one of the recorded tilt-series. A one time manual categorical labeling of the
images was done as seen in Fig. 3.3. One CNN model was trained on recognizing
the three classes. Training of the model took 2 minutes using 8 GPUs (NVIDIA
Titan X). Details on the chosen CNN architecture and hyperparameters can be
found in Appendix C.

After training, the CNN was used to classify picked beads in 12 previously un-
seen tilt-series (each one consisting of 41 tilt images) that were imaged under
similar imaging conditions to the ones of the training tilt-series (see Fig. 3.4).
A high bead picking and classification accuracy was achieved, compared to the
small number of training examples used and the low SNR of the tilt-series. Clas-
sification is expected to be further improved by an overall improvement of the
accuracy of the initial bead picking.

3.4 Conslusion

The development of two deep learning-based tools for image analysis in EM was
demonstrated in this chapter. The developed tools consisted of an algorithm
for the selection of grid holes in cryo-EM lacey grids and an algorithm for the
detection of gold fiducials in cryo-ET. Both of the presented tools exploit deep
learning’s capability for advanced pattern recognition in complex data and help to
automate tasks which otherwise would be very time intensive, since they involve
a lot of manual effort. In addition, deep learning can help overcome common
limitations in EM image analysis, such as the low SNR and low contrast of the
images.
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4 Conclusions and outlook

The main goal of this thesis was to present the development of a novel SPA-
based algorithm named “differential visual proteomics”, or DVP, which can be
used for the structural and quantitative analysis of single-cell proteomes. The
developed algorithm was implemented and packaged into a software, VisProt,
which consists of a graphical user interface that makes the processing pipeline
more user-friendly. The DVP algorithm was tested on a) simulated cryo-EM
datasets that consisted of selected proteins and protein complexes of various
sizes and at various concentrations, b) negatively stained batch-cell samples of
negative control and samples with added urease at various concentrations, and
c) negatively stained single-cell samples of negative control and heat-shocked
cells.

As presented in chapter 3, the DVP algorithm successfully identified the vari-
ations in the concentration of the proteins in the simulated cryo-EM datasets.
The variation deteted and the variation simulated were in a very good agree-
ment particularly for proteins larger than 100 kDa or smaller proteins that have
distinctive features or shapes. In addition, the DVP algorithm showed a great
accuracy in detecting the linear drop in the concentration of urease, when tested
in negatively stained batch-cell samples that were prepared with a 2-fold serial
dilution of urease. Finally, the algorithm could detect the upregulated expression
of a Tric/CCT-like protein complex in negatively stained samples of single-cells,
an increase that occurs when cells are exposed to a heat-shock. The main limi-
tation in the presented algorithm is the accuracy achieved during the alignment
and 2D classification of relatively small particles (<100 kDa) due to the low SNR
of the EM data. However, improvements in the alignment algorithms as well as
advances in EM hardware such as electron detectors and phase plates will help
increase the SNR (Sigworth, 2016; Khoshouei et al., 2017) and boost the quan-
tification accuracy of the algorithm.

The DVP algorithm is envisioned to be used for the semi-targeted visual inspec-
tion of the full proteome of single-cells. In order to achieve this in the future,
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the current algorithm will be extended and an algorithm for the annotation of
the unknown proteins detected in the experiments (proteins with a biological
relevance) will be implemented. This could be done by a 2D correlation proce-
dure that compares the experimentally detected proteins to a library of reference
2D projections of 3D volumes taken from a database of 3D structural data of
proteins (e.g. PDB). The DVP algorithm and VisProt extend the

In addition to DVP and VisProt, this thesis presented the development of deep
learning-based image processing tools that aim to increase the throughput of
procedures for data collection and image analysis in EM. More specifically, an
algorithm called Holepicker was implemented with the aim to automatically seg-
ment holes in lacey EM grids for high-resolution imaging. This algorithm can
help increase the throughput of grid screening, which when done manually, can
be a very time consuming process. Chapter 3 describes the implementation de-
tails for building a CNN model that was later used to predict the centers of
holes in unseen images of lacey EM grids. Holepicker could achieve a very high
accuracy in the identification of holes with good ice quality that are appropriate
for imaging. A future extension of Holepicker for use along with existing mi-
croscope control software such as SerialEM (Mastronarde, 2005), would require
further development of Holepicker and testing it with more diverse data. This
could be done by using more images for training the CNN model and by having
a deeper CNN architecture, so that more complex patterns can be learned by
the CNN. This tool could fully automate the very tedious process of manually
selecting targets in EM grids for image acquisition and could therefore increase
the throughput of the data collection process.

Finally, chapter 3 presented the development of Beadpicker, an algorithm that
automatically localizes and classifies gold beads for the alignment of cryo-ET
tilt-series. A segmentation algorithm was developed to detect all bead-like par-
ticles in the cryo-ET images and a CNN model was implemented and trained to
classify a) single beads, b) bead clusters, and c) artifacts in the tilt series. A high
bead picking and classification accuracy was achieved, despite the small number
of training examples used and the low SNR of the images. Beadpicker could be
part of a processing pipeline for cryo-ET in the future and could offer a good
alternative to existing algorithms that detect fiducial markers for the alignment
of tilt-series in a semi-automated or manual way.
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A.1. ORIENTATION ANALYSIS IN CRYO-EM DATA SIMULATION

A Supporting information: ‘Differential visual pro-
teomics’: Enabling the proteome-wide comparison of
protein structures of single-cells

A.1 Orientation analysis in cryo-EM data simula-
tion
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Figure A.1: Angular probability distribution for the generated particles with. Euler
angles in the ZXZ’ convention: φ = 0°, θ = 0° to 180° and ψ = 0° to 315° with a 45°
increment.
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APPENDIX A. SUPPORTING INFORMATION: ‘DIFFERENTIAL VISUAL PROTEOMICS’:
ENABLING THE PROTEOME-WIDE COMPARISON OF PROTEIN STRUCTURES OF
SINGLE-CELLS

A.2 Differential visual proteomics VisProt GUI

Figure A.2: Screenshot of the differential visual proteomics VisProt GUI, showing the
particle picking tab for image pre-processing. A test cryo-EM sample of urease was
analyzed (not included in manuscript).
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A.2. DIFFERENTIAL VISUAL PROTEOMICS VISPROT GUI

Figure A.3: Screenshot of the differential visual proteomics VisProt GUI, showing the
2D classification tab and the window for adjusting the classification parameters of the
urease sample (not included in manuscript).

Figure A.4: Screenshot of the differential visual proteomics VisProt GUI, showing the
data analysis tab.
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APPENDIX A. SUPPORTING INFORMATION: ‘DIFFERENTIAL VISUAL PROTEOMICS’:
ENABLING THE PROTEOME-WIDE COMPARISON OF PROTEIN STRUCTURES OF
SINGLE-CELLS

A.3 Analysis of synthetic cryo-EM datasets

Figure A.5: Simulation datasets with 8 protein types. Number of particles for each
protein class is normalized with the total particle number per dataset. Std = 5 particles
per micrograph per dataset. On the x axis are projections of the 3D densities at the
imposed preferential orientations with the highest weights.
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A.3. ANALYSIS OF SYNTHETIC CRYO-EM DATASETS

Figure A.6: Relative difference in the mean number of the simulated particles and
the computationally retrieved particles prior to PCA. The proteins whose simulated
concentration varied across the datasets are shown in boldface. Chaperone and Hsc70
particles for datasets 1 and 3 respectively were simulated having a zero-mean, thus the
difference for those particles is not plotted.
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ENABLING THE PROTEOME-WIDE COMPARISON OF PROTEIN STRUCTURES OF
SINGLE-CELLS

Figure A.7: Dependency of the number of picked particles and the number of particles
that are well aligned (from three simulated datasets and a total mean of 24 000 particles)
on (a) the resolution of the generated 3D volumes prior to projection (with applied
Gaussian noise 1/SNR = 1/0.0004) and (b) applied Gaussian (readout) noise to the
simulated images (at 4Å resolution).
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A.4. INITIAL QUANTITATIVE ANALYSIS ON NEGATIVE STAINING BATCH-CELL DATA

A.4 Initial quantitative analysis on negative staining
batch-cell data

Figure A.8: Analysis of negative stain EM data of HEK293 batch cell-lysate using
the DVP algorithm. Left: Exemplary class-averages after particle classification with
corresponding ID number. Right: Number of detected particles for each protein class
normalized with the total particle number found per dataset prior to PCA. Class ID
numbers correspond to the IDs of the class-averages (see left). Scale bar: 40 nm.
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ENABLING THE PROTEOME-WIDE COMPARISON OF PROTEIN STRUCTURES OF
SINGLE-CELLS

A.5 Particle picking in negative staining single-cell
data

Figure A.9: Matlab-based automatic particle picking in a negative staining EM micro-
graph of the heat-shocked SH-SY5Y single-cell sample. Scale bar: 100 nm.
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B Holepicker algorithm: CNN structure and hyperpa-
rameters

B.1 CNN structure

The CNN that was trained consisted of 7 layers:

1. A 2D convolutional layer with 20 filters of 15×15 pixels. The output of
the layer is then normalized and shifted by an offset. A ReLU activation
is subsequently applied for introducing non-linearity in the model.

2. A 2D convolutional layer with 30 filters of 15×15 pixels. The output of the
layer is again normalized and shifted by an offset and a ReLU activation is
applied.

3. A 2D convolutional layer with 40 filters of 15×15 pixels. The output of
the layer is normalized and shifted by an offset and a ReLU activation is
applied.

4. A transpose 2D convolutional layer with 40 filters of 15×15 pixels followed
by a ReLU activation layer.

5. A 2D convolutional layer with 40 filters of 15×15 pixels. The output of
the layer is normalized and shifted by an offset and a ReLU activation is
applied.

6. A fifth 2D convolutional layer with 2 filters (for the binary classification)
of 15×15 pixels. The output of the layer is again normalized and shifted
by an offset and a ReLU activation is applied.

7. Finally, a softmax function is applied to transform the output to probability
of each pixel belonging to one of the two classes.

B.2 CNN hyperparameters

The used optimizer for the kernels is stochastic gradient descent with momentum
with 30 epochs. L2 regularization of 10−4 was applied and a learning rate of
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HYPERPARAMETERS

0.01 was used. In each training iteration a mini batch size of 100 training images
was used for the evaluation of the loss function gradient and the updating of the
weights. The used loss function is the cross entropy loss between the predicted
labels and the ground truth labels. Training took approximately 10 minutes on
8 GPUs (NVIDIA Titan X).
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C Beadpicker algorithm: CNN structure and hyperpa-
rameters

C.1 CNN structure

The CNN that was trained consisted of 6 layers:

1. A 2D convolutional layer with 15 filters of 5×5 pixels. A ReLU activation
is applied for introducing non-linearity in the model. The output of the
layer is subsequently down-sampled by splitting it in pooling regions and
using the maximum value for each region.

2. A 2D convolutional layer with 30 filters of 5×5 pixels. A ReLU activation
is applied for introducing non-linearity in the model. The output of the
layer is subsequently down-sampled by splitting it in pooling regions and
using the maximum value for each region.

3. A 2D convolutional layer with 45 filters of 5×5 pixels. A ReLU activation
is applied for introducing non-linearity in the model. The output of the
layer is subsequently down-sampled by splitting it in pooling regions and
using the maximum value for each region.

4. A 2D convolutional layer with 45 filters of 5×5 pixels. A ReLU activation
is applied for introducing non-linearity in the model. The output of the
layer is subsequently down-sampled by splitting it in pooling regions and
using the maximum value for each region.

5. A fully-connected layer that outputs a 3-dimensional vector that corre-
sponds to the 3 classes.

6. Finally, a softmax function is applied to transform the output to probability
of each image belonging to one of the three classes.

C.2 CNN hyperparameters

The used optimizer for the kernels is stochastic gradient descent with momentum
with 200 epochs. L2 regularization of 10−4 was applied and a learning rate of
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HYPERPARAMETERS

0.01 was used. In each training iteration a mini batch size of 50 training images
was used for the evaluation of the loss function gradient and the updating of the
weights. The used loss function is the cross entropy loss between the predicted
labels and the ground truth labels. Training took 2 minutes on 8 GPUs (NVIDIA
Titan X).
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List of Abbreviations and
Notations

CNN Convolutional neural network

CSF Cerebrospinal fluid

CTF Contrast transfer function

DED Direct electron detector

DVP Differential visual proteomics

DNA Deoxyribonucleic acid

EM Electron microscopy

ET Electron tomography

FIB Focused ion beam

GUI Graphical user interface

HEK Human embryonic kidney

mRNA Messenger ribonucleic acid

MS Mass spectrometry

RNA Ribonucleic acid

SPA Single-particle analysis

TF Transcription factor

tRNA Transfer ribonucleic acid

TEM Transmission electron microscopy

2D Two-dimensional

3D Three-dimensional
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