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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 a method
called “differential visual proteomics” geared to study
proteome-wide structural changes of proteins and protein-
complexes between a disturbed and an undisturbed cell or
between two cell populations. To implement 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 extracted from the images and pooled together, while keeping track of which particle 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 algorithm and a graphical user
interface 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 limitations 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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■ INTRODUCTION

Proteins are involved in all biological processes and perform
multifaceted functions: 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 arrangement of their amino-acid side-chains, which
build dynamic machineries to conduct a specific function. In
addition, proteins work not only on their own but also in close
collaboration with other proteins, often in higher-order
assemblies or complexes. Thus, the presence and the post-
translational modifications of proteins, the structural rearrange-
ments they undergo, and the complexes they form must be
determined in order to understand their action and reaction
pathways; that is, 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.1 MS also allows quantitative, targeted
measurements to be performed2 and the application of
advanced methods involving cross-linking or limited digestion
of proteins to characterize protein assemblies3−5 or their
structural state.6 Furthermore, MS is the method of choice to
measure post-translational modifications of the proteome such
as phosphorylation7 or ubiquitination.8 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 impressive progress during recent years
by reducing sample consumption and loss during the
analysis.9,10 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 microscopy11 methods enable

the localization of proteins within cells and organelles and the
study of dynamic biological processes. However, the lateral
spatial resolution of 15 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).12

This “visual proteomics” approach allows the identification of
large protein complexes in the three-dimensional (3-D)
reconstructions of small cells13 and was recently extended to
larger cells by milling lamellas in the frozen-hydrated
samples.14 However, despite the immense potential for
biological analysis, cryo-electron tomography (cryo-ET) can
only partially characterize the proteome of a cell and is not
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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 identify 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.15

Here, we propose a comparative, untargeted proteome
analysis approach based on single-particle EM and single-cell
visual proteomics.16−18 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” method include the physical
segmentation of individual cells (cell lysis),19 the microfluidic
preparation of the total cell contents for EM,20−22 and the
visual comparison of a treated and an untreated cell
population.18 The approach aims at identifying proteome-
wide differences, such as (i) new proteins, (ii) newly formed
protein complexes, and (iii) rearranged protein-complexes.

■ MATERIALS AND METHODS

Sample and Grid Preparation

Batch-Cell Sample Preparation. HEK293 cells were
cultivated in DMEM (Dulbecco’s Modified Eagles Medium,
D6171, Sigma, Switzerland) supplemented with 1% NEAA
(Non-Essential Amino Acids, M7145, Sigma, Switzerland), 1%
Glutamax (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 subculture 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 10 min
with lysis buffer (137 mM NaCl, 5 mM KCl, 1.1 mM
Na2HPO4·12H2O, 0.4 mM KHPO4, 4 mM NaHCO3, 5.5 mM
glucose, 2 mM MgCl, 2 mM EGTA, 5 mM MES, pH 6.5 with
1x cOmplete protease inhibitor cocktail, 1 mM PMSF, 1 mM
Na3VO4l, 0.25% sodium deoxycholate, 1% NP40). The
prepared sample had a final concentration of 5000 CELLS
μL−1. After removal of membranes and cell debris by
centrifugation at 10000 relative centrifugal force for 10 min,
the protein concentration was determined using the
bicinchoninic acid (BCA) assay and found to be 0.46 mg
mL−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 (10 mM, pH 7.0). Two
microliters of urease from Yersinia enterocolitica bacteria (0.38
mg mL−1 in PBS) were subsequently added to 12 μL of the
lysate suspension. This was followed by a series of 2-fold
dilutions to obtain a total of 6 samples, each containing a
different cell lysate and 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.

Single-Cell Lysis and Sample Preparation. Adherent
SH-SY5Y cells (SH-SY5Y Cell Line human, 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 Modified Eagles Medium, D6171, Sigma,
Switzerland) and HamF12 (Nutrient Mixture 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 3 days at 37 °C in a 5% CO2 atmosphere. They
were subsequently washed with 5 mL of 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, 5 min at room temperature) and excess
medium over the pellet was removed. They were resuspended
in 5 mL of fresh, 37 °C warm medium. One milliliter of the
resuspended cells was then pipetted into a new T25 flask, and
4 mL of medium was added. The remaining 4 mL of cells were
transferred to poly(dimethylsiloxane) (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 PDMS (Dow Corning
SYLGARD 184, Switzerland) rings that formed the wells
were then placed on their upper surface. The resulting wells
had a diameter of either 14 mm or 4 mm and a depth of 2 mm
to 4 mm. Subsequently, the wells were filled with PLL (poly-L-
lysine, P8920, Sigma, Switzerland), incubated for 15 min, and
finally washed with PBS. The PLL layer in the wells improved
cell adhesion to the ITO slide. The wells were loaded with
about 25000 CELLS cm−2 in proliferation media. At the cell
concentration of the 4 mL of culture reserved for this purpose,
this corresponded to 100 μL per 14 mm well, and to 10 μL per
4 mm 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.19−22 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
experiments, 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, Switzerland) via a linear voltage amplifier (F20A, FLC
Electronic AB, Sweden). The microcapillary and high-precision
syringe pump (Nemesys, 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, 50 mM, 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.18 Thereby, the nozzle containing the cell-lysate was
dipped into a reservoir of negative stain (NanoW 2%, pH 6.8,
Nanoprobes, USA) for 8 min for conditioning. Subsequently,
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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 to 2 °C above the dew point to avoid coffee-
ring effects. The grid was then removed and stored until
imaging via EM.
Test Data Simulation and Data Collection

Cryo-EM Data Simulation. Eight models were used from
the RCSB Protein Data Bank (PDB IDs - 4Z42: urease (MW:
1 MDa), 1SS8: GroEL (MW: 772 kDa), 1DP0: β-galactosidase
(MW: 475 kDa), 6FHS: INO80core (MW: 605 kDa), 3CQX:
chaperone complex (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 (EMAN2.2,23 and
Dynamo,24). In total 40 projections were created for each
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
Supporting Information Figure S1).
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 after
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 2 mm and 3 μm underfocus. In total, 3
data sets were generated, each consisting of 100 micrographs.
Data analysis was performed in Matlab 9.0 (The Mathworks,
Inc., Natick, Massachusetts, USA and MATLAB Central File
Exchange functions25−27) as described in the following
sections.
Single-Particle EM of Batch-Cell Lysates. Data

collection was performed with an FEI T12 TEM operated at
120 kV (LaB6) 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.
Single-Particle EM of Single-Cell Lysates. Data

collection was performed on an FEI Talos TEM with a 200
kV FEG, an FEI Ceta 16 M Pixel CMOS camera using
SerialEM. 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.

■ RESULTS AND DISCUSSION
The work resulted in an algorithm and processing pipeline
geared to quantitatively analyze the structural proteome of
single-cells to elucidate changes in protein concentration and/
or structure depending on, e.g., cell maturity or imposed stress
situations. The procedure relies on the lossless preparation of
samples for single-particle EM using microfluidic procedures as
outlined previously.20,21

Differential Visual Proteomics (DVP) Algorithm

The image-processing algorithm and work-pipeline are
depicted in Figure 1. A particle picking algorithm is used to
automatically select and extract all protein particles from the
collected micrographs. The particles obtained from all data sets
are merged while keeping track of the origin of every particle,

i.e., the experiment, the data set, and the image. Subsequently,
the particles of the merged gallery are aligned and classified
into 2D projection classes. Finally, the resulting classes are
quantitatively analyzed to identify protein classes representing
significant changes in the proteome across the different
experiments (cell lysates).
The method and DVP-algorithm were developed and tested

using (i) simulated cryo-EM data sets that consisted of

Figure 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 identify differences in the proteome structure of the
samples of the positive and negative control.
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proteins/protein-complexes of different sizes and at different
concentrations, (ii) negatively stained batch-cell lysate EM
data sets of the negative control and of samples with added
urease at various concentrations, and (iii) 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.
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 packages, depending on the given application.
All scripts were brought together into one pipeline by a
graphical user interface written in Matlab. The interface
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 visualize the results (see Support-
ing Information Figure S2−S4). Depending on the sample
preparation method, different preprocessing steps and particle
picking algorithms 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 data sets. Parameters of the applied
contrast transfer function (CTF) (as detailed in the Materials
and Methods section) were initially estimated using
CTFFIND4.28 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 5 Å.
Further evaluation of the algorithm was done using

experimental negative stain data sets from batch- and single-
cell lysates. For all negatively stained samples, the raw
micrographs were low-pass filtered 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 gray 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 Supporting Information Figure
S2).
After particle picking, all data processing was performed

similarly; selected particles from all data sets were extracted
from the micrographs based on the coordinates returned by
Gautomatch or the Matlab algorithm. All extracted particles
were merged and given to RELION-2.129 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 Supporting Information Figure S3). For the 2D
classification RELION rotates and shifts the protein projec-
tions in order to find the best alignments among the
projections and group them into structurally similar classes.
During the classification, RELION estimates the accuracy of
each orientational alignment of the particles and the
probability that a particle is correctly assigned to a class.
Currently, for our analysis, all particles assigned to 2D classes
are kept. Subsequently, the results of the alignment and 2D

Figure 2. Testing the DVP algorithm using simulated cryo-EM data. (a) Exemplary micrograph for the simulated data set 2 (see Supporting
Information Figure S5). 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.
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classification 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 particle originated from which data set
for each identified class allowed changes in the proteome of the
different samples to be detected. A principal component
analysis (PCA) was used to extract the classes with the most
significant variance in abundance across the data sets. Particle
abundances were normalized by dividing the particle count per
particle class and data set by the sum of all particles per data
set.

Figure 3. Analysis of simulated cryo-EM data using the DVP algorithm. (a) Number of identified particles for each protein class normalized with
the total number of particles found per data set (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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The time required for the analysis primarily depended on
the speed of the particle 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 2 to 3 h (particle picking in
Gautomatch and classification in RELION were both GPU
accelerated).
Data Augmentation for Error Estimation. Augmenta-

tion of the collected micrographs in order to estimate errors in
the number of particles identified per data set was done using
the bootstrapping method.30 Initially, the experimental sum of
the particles was calculated over all micrographs for each
protein class and each data set, after the classification step
using the class metadata as described above. Resampled
numbers of particles per micrograph were subsequently
generated, and a new sum was estimated. The procedure was
repeated 1000 times resulting in 1000 sum values per protein
class and data set. Errors were then calculated as the standard
deviation of the generated sum values.

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 data sets were
generated, each consisting of 100 micrographs. The concen-
tration of four of the proteins present (GroEL, urease,
chaperone, and Hsc70) varied from data set to data set; the
concentration of the other four proteins was the same. A

description of the simulated micrographs is shown in
Supporting Information Figure S5. A simulated micrograph
that includes all eight proteins is shown in Figure 2a. In total,
58300 particles were picked from the 300 micrographs and a
2D particle alignment yielded 44 well-aligned 2D classes
(Figure 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 particles present within each
class, i.e. one average per identified class. Classes with sharp
class-averages that clearly show structural features (indicating
good alignment of the constituent particles) are saved in text
files for further analysis. For the simulated data sets, the
resulting 2D classes were initially saved by assigning all classes
that contained the same protein type to one “larger” parent
class; that is, 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 Figure
3a, i.e. the total number of particles identified for each protein
type. The difference between the number of the simulated
particles forming the data set and the computationally
retrieved particles is shown in Supporting Information Figure
S6.
Subsequently, the 2D classes returned by the classification

were saved by assigning each class to a single class file; for
example, urease particles in one orientation constitute one
class, urease particles in another orientation constitute another
class, etc. PCA of the identified 2D protein classes automati-
cally extracted the subgroup of proteins with the largest
variance in abundance between data sets (Figure 3b).
As expected, classes of GroEL, urease, chaperone, and

Hsc70, which had different concentrations across the 3 data

Figure 4. Analysis of simulated cryo-EM data using the DVP algorithm. The following is shown for each parent class. Top: Simulated particles as a
percentage of the data set with the maximum theoretical number of particles. Bottom: Computationally retrieved particles prior to PCA as a
percentage of the data set with the maximum identified number of particles. In boldface are the parent classes with varied simulated and
experimentally identified concentrations, respectively.
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sets, 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 simulated 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 Supporting Information Figure
S6), due to limitations in particle alignment. The relative drop
in the number of particles with respect to the data set with the
maximum number of particles in the simulated data and in the
resulting quantification is shown in Figure 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 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 Supporting Information

Figure 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. Twenty-seven 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 data set (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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Figure S7a and as a function of the Gaussian (readout) noise
applied to the simulated images (at 4 Å resolution) in
Supporting Information Figure S7b. 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.

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.20 The analysis of experimental data from
HEK293 batch-cell lysates using the DVP algorithm is
demonstrated in Figure 5.
Approximately 96 000 particles were picked from the 120

micrographs of the batch-cell sample (Figure 5a). A 2D
classification of the extracted particles gave 48 classes with a
total of 71000 well-aligned particles (Figure 5b). This was
followed by PCA. The number of particles per class and data
set prior to PCA is shown in Supporting Information Figure
S8. The particle classes identified as significant by PCA are

Figure 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. Fourteen 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 data set (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.31,32
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shown in Figure 5c; the urease class is clearly visible. With the
exception of sample C4, the number of detected urease
particles follows 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.

Application to Single-Cell Data

The performance of the DVP algorithm was also demonstrated
by analyzing negative stain data of heat-shocked and negative
control SH-SY5Y single-cells (see Figure 6). Exposure of cells
to a heat-shock upregulates the expression of some proteins,
e.g., chaperones.20 The negative control and heat-shocked
samples were prepared using the cryoWriter setup,19−22 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 (Figure 6a). An example of the
automatically picked particles is shown in Supporting
Information Figure S9. Two subsequent classification rounds
yielded 28 final classes each containing 5500 particles (Figure
6b). Classes with the largest variance in abundance are shown
in Figure 6c. A ring-like protein with an outer diameter of ∼14
nm present in the extracted significant classes resembles the
Tric/CCT complex.31,32

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 demonstrate the capa-
bilities 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. Limitations 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 uniqueness 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 limited to protein complexes larger than 1
MDa. 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 233 and will continue
to lower the molecular 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
inelastically scattered electrons, and the use of a Volta phase-
plate can additionally increase the signal-to-noise ratio by
approximately a factor of 234 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 image. 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 4-fold increase of the signal-to-noise ratio in
a particle image will result in a 16-fold 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 15 Å. In the future, improved single-
cell cryo-EM preparation methods with an achievable
resolution below 2 Å 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 improved by this as long as the
number of remaining protein particles does not decrease
significantly.
As seen in the analysis of the simulated data sets, all

identified classes that represent different orientations of the
same protein varied in a similar manner across the data sets.
The impact of random protein orientations in the images is
therefore minimal. If necessary, in real experiments EM grids
that favor preferential orientations can be prepared to help the
user assign the different protein orientations to the
corresponding proteins more accurately and interpret the
results of the 2D classification correctly.
We envision the DVP algorithm as an approach that could

be used in the future for the semitargeted 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 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.

■ CONCLUSIONS
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 intended to be a
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complementary approach to conventional methods in
proteomics. Combined with advances in EM sample
preparation techniques that allow the analysis of single-
cellssuch as the lossless preparation achieved with the
cryoWriter19−21this method makes the visual investigation
of the proteome of individual cells feasible.
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