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Reconstituting membrane proteins in liposomes and determining their structure is a common method for determining
membrane protein structures using single-particle cryo-electron microscopy (cryo-EM). However, the strong signal of li-
posomes under cryo-EM imaging conditions often interferes with the structural determination of the embedded membrane
proteins. Here, we propose a liposome signal subtraction method based on single-particle two-dimensional (2D) classifica-
tion average images, aimed at enhancing the reconstruction resolution of membrane proteins. We analyzed the signal distri-
bution characteristics of liposomes and proteins within the 2D classification average images of protein—liposome complexes
in the frequency domain. Based on this analysis, we designed a method to subtract the liposome signals from the original
particle images. After the subtraction, the accuracy of single-particle three-dimensional (3D) alignment was improved,
enhancing the resolution of the final 3D reconstruction. We demonstrated this method using a PIEZO1-proteoliposome

dataset by improving the resolution of the PIEZO1 protein.

Keywords: cryo-EM, protein—liposome complexes, liposome signal subtraction, 2D classification averaging

PACS: 87.64.—t, 87.80.—y, 87.64.Ee, 87.85.jf

1. Introduction

Membrane proteins play key roles in many biological pro-
cesses and are research hotspots of structural biology. Cryo-
EM single-particle analysis (SPA) is an essential tool for struc-
tural determination of membrane proteins. Due to the hy-
drophobic nature of the transmembrane regions, the membrane
proteins must be solubilized ahead of cryo-EM SPA. Com-
mon methods involve encapsulating the hydrophobic regions
of the membrane proteins with detergents!!'=3! or reconstitut-
ing the membrane proteins into liposomes.*%! In the latter
method, membrane proteins are embedded within the phos-
pholipid bilayer, more closely mimicking their physiological
state, thereby facilitating the study of structures sensitive to
membrane composition.!”8! Consequently, this approach has
been increasingly adopted in recent years. However, the strong
signals exhibited by liposomes under electron microscopy of-
ten obscure the structural signals of the embedded proteins,
thereby complicating the structural analysis of proteins.

To mitigate the impact of liposome signals on the struc-
tural analysis of reconstituted proteins, a common approach is
to subtract the membrane structure signals from micrographs
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before determining the protein structure. For spherical lipo-
somes embedding membrane proteins, the structural charac-
teristics of liposomes are relatively consistent. Wang et al.
modeled spherical liposomes,!! allowing for the direct re-
moval of liposome density from the original particle images.
Additionally, by utilizing the projection position information
of the membrane protein on spherical liposome images, partial
spatial orientation information of the membrane protein can be
deduced, aiding subsequent orientation estimation.''”) How-
ever, ideal physical modeling does not account for the contrast
variance of different liposomes in the raw micrographs. To
address this issue, Jensen er al. performed higher-order sin-
gular value decomposition on particle images to construct a
subspace for liposomes and then projected each particle image
onto this liposome subspace to obtain a residual subspace rep-
resenting individual liposome differences, thus achieving a 2D
statistical model for each liposome.!'!! For liposome particles
deviating from spherical shapes, in further work, Jensen et al.
unfolded the membrane structure of each particle image us-
ing polar coordinate transformation,''?) which enables the li-
posome statistical model to do nonlinear shape alignment with
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the membrane. This method allows for the acquisition of struc-
tural characteristics of each liposome, reducing the flaws in-
troduced by incorrect subtraction. However, to better learn the
contrast and shape characteristics of liposomes, this method
requires taking two micrographs for the same particle: one
with low defocus to preserve the high-frequency detail infor-
mation of the membrane protein and another with high defocus
to ensure the liposome is visible.

Herein, we propose a liposome signal subtraction method
based on 2D classification average images to reduce the in-
terference of liposome signals in the 3D alignment of SPA.
This method leverages images obtained from the 2D classifi-
cation averaging of protein—liposome complexes, enabling the
attenuation of liposome signals in individual particles, thereby
enhancing the structural resolution of membrane proteins em-
bedded within liposomes. In this paper, using the PIEZO1
proteoliposomes as a case study, we analyzed signal distribu-
tion patterns of the 2D classification average images in the fre-
quency domain. Based on this analysis, we identified the main
distribution regions of the liposome signals for membrane sig-
nal subtraction. Subsequently, by optimizing the scaling factor
and the number of classes, the density map of the center cap
region and the distal blade region in the PIEZO1 protein were
improved.

2. Methods

The 2D classification averaging is a commonly used anal-
ysis method in cryo-EM SPA, which averages common struc-
tural features in experimental single-particle micrographs to
enhance them. In this work, we first analyzed signal distribu-
tion characteristics of the 2D classification average images of
protein—liposome complexes in the frequency domain. Based
on the analysis, we identified the liposome signals and de-
signed a method for subtracting liposome signals in cryo-EM
micrographs.

2.1. Liposome signals in 2D classification average images

To analyze liposome signals in the presence of embedded
proteins, we utilized a dataset of PIEZO1 proteoliposomes. 8]

The PIEZO1 protein is primarily composed of a central cap
region and three peripheral propeller blade regions (Fig. S1(a)
in supplementary information). Inside the blades, transmem-
brane helices are aligned in parallel (Fig. S1(b) in supplemen-
tary information), while the bottom of the blades features sup-
porting beam structures (Fig. S1(c) in supplementary informa-
tion). The PIEZO1 protein can be reconstituted into liposomes
under two conformations: a flattened state and a curved state.
In the flattened state, the cap region is oriented extracellularly
(Figs. S2(a) and S2(b) in supplementary information, and the
three propeller blades unfold in an almost parallel arrange-
ment, stretching the liposome into a “D” shape (Fig. S2(c)
in supplementary information). In the curved state, the cap
region is oriented intracellularly (Figs. S2(d) and S2(e) in sup-
plementary information), with the three propeller blades encir-
cling the central cap region, keeping the liposome in an almost
spherical shape (Fig. S2(f) in supplementary information).
Under two different conformational conditions, the reso-
lution of liposomes is different from that of PIEZO1 proteins
in the 2D classification average images of PIEZO1 proteolipo-
somes. In the results of the curved state, the transmembrane
regions of the PIEZO1 proteins display the highest resolution
in the 2D classification average images, revealing clear sec-
ondary structures (Fig. 1(a)). The resolution of the cap region
is slightly lower than that of the transmembrane region but is
higher than that of the liposomes. This indicates that the align-
ment of the PIEZO1 proteins was not significantly affected by
the liposome signals during the 3D alignment. However, in
the results of the flattened state, both the PIEZO1 proteins and
the liposomes exhibit low resolution, represented by the blurry
densities of the transmembrane and cap regions (Fig. 1(b)).
This suggests that the presence of liposome signals affected
the alignment accuracy of the PIEZOI proteins. In the work
of Yang et al., the resolution of the cap and distal blade regions
in the flattened conformation was lower than that in the curved

conformation, ¥ which confirms the analysis.

0600
9000

Fig. 1. Schematic representation of 2D classification average images of PIEZO1 proteoliposomes. (a) 2D classification average images of
PIEZO1 proteoliposomes in the curved state, (b) 2D classification average images of PIEZO1 proteoliposomes in the flattened state.
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Fig. 2. Single-particle 2D classification average images of different proteins and their corresponding power spectra. (a) 2D classification average image
of PIEZO1 proteoliposomes in the flattened state, (b) the low-frequency region of the power spectrum from (a) exhibits signal characteristics of parallel
membranes, (c) 2D classification average image of proteoliposomes in the curved state, (d) the low-frequency region of the power spectrum from (c)
displays signal characteristics of curved membranes, (e) 2D classification average image of liposomes, (f) the power spectrum from (e) shows concentric
ring-like signal distribution characteristics, (g) 2D classification average image of PIEZO1 proteins, (h) The power spectrum from (g) demonstrates
dispersed signal characteristics. The red dashed lines in the images denote the spacing of geometric shape features.

In the power spectra of 2D classification average im-
ages of PIEZO1 proteoliposomes, characteristic patterns of
the membrane structure can be identified. For the flattened
conformation, the power spectrum of the 2D classification av-
erage image exhibits parallel stripes. These stripes are per-
pendicular to the membranes in the 2D classification average
images, and the spacing between the parallel stripes is ap-
proximately the reciprocal of the distance of the phospholipid
bilayers (Figs. 2(a) and 2(b)). In the curved conformation,
the power spectrum of the 2D classification average image
shows periodic ring-like features and the spacing of the ring-
like stripes is approximately the reciprocal of the spacing of
the phospholipid bilayers (Figs. 2(c) and 2(d)). These numer-
ically consistent relationships indicate that the low-frequency
patterns in the power spectrum are characteristic signals in-
troduced by liposomes. In the power spectrum of liposomes
without PIEZO1, we also observed the same concentric ring-
like signal distribution (Fig. 2(f)), further confirming the signal
characteristics of the curved membrane structure in the power
spectrum. Unlike the membrane structure, in the power spec-
trum of the 2D classification average image, the structural sig-
nals of the PIEZO1 protein are diffusely distributed in the en-
tire frequency domain (Fig. 2(h)).

We further inspected the distribution characteristics of
various structural signals by frequency in the power spectrum.
In the power spectra of 2D classification average images of
complexes in both conformations, signals from the liposome
membranes predominantly occupy the low-frequency region.
This is attributed to the phospholipid molecules within the
membrane lacking a regular structure, leading to the details of
liposomes being averaged out during 2D classification averag-
ing, and only the low-resolution contour features in the low-
frequency region are enhanced. On the contrary, the structural
signal of the PIEZO1 protein is uniformly distributed across

a broader frequency range compared to that of the membrane
structure.

2.2. Subtracting liposome signals using 2D classification
average images

The characteristics of the power spectrum mentioned
above provide an opportunity for subtracting liposome signals
from the original particles. The signals to be subtracted are
from a region in the Fourier transform of the 2D classifica-
tion average images, in which the membrane signals are dom-
inant. This subtraction aims to weaken the membrane signals
in the original particles, thereby reducing their interference in
the alignment during the reconstruction of membrane proteins.
Although signal subtraction inevitably removes part of protein
signals, our subsequent experiments demonstrate that the at-
tenuation of some low-frequency protein signals does not sig-
nificantly impact the alignment of the protein. The following
sections describe the process of subtraction.

2.2.1. Particle selection for liposome signals subtrac-
tion

To improve the accuracy of signal subtraction for mem-
branes, choosing the particles suitable for signal subtraction is
always essential. The particle selection is first based on the
quality of the 2D classification average images. If the mem-
brane structure features in a 2D classification average image
are unclear or chaotic (Fig. S3 in supplementary information),
all the corresponding particles in this class should be marked
as dirty particles, and will not undergo the subtraction. Fur-
thermore, the selection of particles can be based on some sta-
bility indicators during 2D classification averaging. Two indi-
cators are frequently used: the similarity score between a par-
ticle and the corresponding 2D classification average image,
and the number of times that a particle changes classes dur-
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ing the classification process.!'3] A higher similarity score and
fewer class changes both imply a higher similarity between
the particle and its 2D classification average image, making it
more suitable for subtraction. The threshold for the similarity
scores and the class changes needs to be adjusted based on the
effectiveness of liposome signal subtraction. Particles below
this threshold are marked as dirty data and are excluded from
the subtraction process.

Considering the dirty particles marked after the above
selection process still contain membrane protein signals, al-
though we do not subtract the membrane signals from the
dirty particles, they still participate in the final 3D recon-
struction. The proportion of dirty particles (~ 5% in this
PIEZO1-proteoliposome dataset) in the overall dataset is not
high, therefore the possible alignment errors induced by the li-
posome signals in the dirty particles don’t have an obvious im-

pact on the reconstruction results. In our test, removing dirty

(L/N) Xl el g+ P) [Fraw (w) |

particles reduced the final map quality (Fig. S4 in supplemen-
tary information). Therefore, we recommend to include the
dirty particles.

2.2.2. Intensity normalization of the 2D classification
average images

Given that the signals of the original particles and their
2D classification average images may be in different intensity
ranges, it is necessary to normalize the signal intensity of the
2D average images to match that of the original particles to
successfully subtract the membrane structure signals.!!*!>! In
the Fourier transform of the 2D classification average images,
we keep the phase unchanged but adjust its amplitude by ref-
erencing the amplitude of corresponding pixels in the Fourier
transform of the original particles. The adjustment sets the am-
plitude in the low-frequency region, where liposome signals
dominate, to the average amplitude of the original particles in
the same frequency range as given below:

o-CTF-
0,

F/ (u”) =

avg

where Fr,w and F,ye represent the Fourier transforms of the
original particles and the 2D classification averaged images,
respectively, u;; represents the spatial frequency of (i, j) pixel
of the Fourier spectrum, P is the pixel size of the Fourier spec-
trum and N represents the number of pixels in the frequency
range of [|u;j|, |uij| +P). CTF denotes the contrast transfer
function of the original particle. u; denotes the boundary of the
main distribution area of the membrane signals, and & repre-
sents the scaling factor of the 2D classification average image.
Both i and o are hyperparameters that need to be determined
through experimentation. The scaling factor « is used to ad-

|Fan (uij) |

“Favg (wij) ;- Juij] € [0,m), )

luij| ¢ [0,m),

just the weight of the signals from the 2D classification aver-
age image during the subtraction process.

2.3. The overall workflow

Taking PIEZO1 proteoliposomes in both flattened and
curved states as examples, we demonstrated the specific pro-
cedure for subtracting liposome signals from the original par-
ticles (see Protocol in supplementary information). Initially,
we perform 2D classification averaging on the particles and
select particles suitable for liposome signal subtraction based
on 2D classification results (Fig. 3(a)). Next, we identify the

~N

(a) Particles selection

\_

s A
(b) Corresponding models

on

( )
(c) Rotation and translation

J

A
N\

-
(d) Determining frequency domain

(e) Intensity adjustment

~

(f) Particles subtraction

J

Fig. 3. Schematic diagram illustrating the process of liposome signal subtraction using 2D classification average images. Each box represents

a step in the process, and arrows indicate the sequence of operations.
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2D classification average image corresponding to each parti-
cle (Fig. 3(b)) and align the 2D classification average image
to the original particle (Fig. 3(c)). Subsequently, we deter-
mine the range of the frequency domain to be used for sub-
traction (Fig. 3(d)) and normalize the signal intensity in the
frequency domain (Fig. 3(e)). Finally, we subtract the pro-
cessed 2D classification average images from the original par-
ticles (Fig. 3(f)). In the present work, all operations for lipo-
some signal subtraction and protein 3D reconstruction were
carried out by THUNDER software, 10! and the local resolu-
tion of proteins was evaluated by ResMap software.[!”]

3. Results
3.1. Determination of the boundary «; and the scaling fac-
tor o

In the step of intensity normalization, two crucial hyper-
parameters in Eq. (1), the boundary u; and the scaling fac-
tor o can significantly impact the performance of liposome
signal subtraction. The setting of the boundary u; may have
two choices: the spatial frequency corresponding to the res-
olution of the 2D classification, and the spatial frequency
at which membrane structure features are observable in the
power spectrum. For the dataset of PIEZO1-liposome com-

plexes, these spatial frequencies are 1/10 A~! and 1/19 A_l,
respectively. First, we subtracted signals within 1/10 A" us-
ing a scaling factor o of 1.0 (Fig. 4(a)). However, in the fi-
nal reconstruction of PIEZO1, the density map showed signif-
icant discontinuities, and noise densities wrapped around the
entire PIEZO1 density (Fig. 4(b)). The densities of the cap
and distal blade domains of PIEZO1 were completely frag-
mented and could not cover the protein structure model (PDB:
7WLU) (Fig. 4(c)). Then, we tried to subtract signals within
the frequency domain of 1/19 A" under a scaling factor o
of 1.0 (Fig. 4(d)). The 3D reconstruction result of PIEZO1
was significantly improved. The resolution of the transmem-
brane blade regions was reported at 4.8 A. The overall density
of the protein was reconstructed in high quality, without frag-
mented densities surrounding it (Fig. 4(e)). The density of the
cap region and the distal blade regions well cover the struc-
tural model (Fig. 4(f)). Comparing the above two results, we
determined that the liposome signals mainly distribute within
1/19 A7 In the frequency range between 1/19 A" and
1/10 Ail, the signals may predominantly originate from the
membrane protein. Subtracting signals within this area actu-
ally removes more membrane protein signals, leading to the
fragmentation of the overall density in the reconstruction.

(a) 1/10A71
,/— -~

4.8
6.24
7.28
9.12
10.56
12.01

Fig. 4. The impact of selecting the boundary u; and the scaling factor & on the performance of liposome signal subtraction. (a) The boundary

u is set to 1/10 Afl, and the scaling factor ¢ is set to 1.0. (b) 3D refinement results of particles after lipid signal subtraction, with colors
on the 3D model representing local resolution information. (c) Detailed view of the PIEZO1 protein model in panel (b), where the gray area
is the reconstruction result, and the blue ribbon represents the 7WLU model from the protein database. The red dashed box shows the distal
blade region of the PIEZO1 protein, and the yellow dashed box displays the cap region of the PIEZO1 protein. (d)—(f) The boundary y is set

to 1/19 Afl, and the scaling factor o is set to 1.0. (g)—(i) The boundary u; is set to 1/19 Afl, and the scaling factor « is set to 0.7.

To determine the scaling factor &, we typically try a se-
ries of values from O to 1.0 at intervals of 0.1 and compare
the resolutions of the PIEZO1 reconstructions under different

scaling conditions. Based on the boundary spatial frequency

of 1/19 A™" chosen above, we identified the optimal scaling
factor o as 0.7 (Fig. 4(g)). In the final reconstruction, the res-
olution of the cap domain reached 6.5 A, and the transmem-

brane blade domain was also enhanced (Fig. 4(h)); the densi-
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ties of the transmembrane helical structures in distal blade do-
main and the cap domain were also improved (Fig. 4(i)). The
purpose of introducing the scaling factor « is to depress the
liposome signal to be removed and preserve more membrane
protein signals during the subtraction. Selecting an appropri-
ate scaling factor ¢ plays a crucial role in optimizing liposome
signal subtraction.

3.2. The number of classes for 2D classification averaging

The number of classes for 2D classification averaging can
significantly impact the performance of liposome signal sub-
traction. First, the number of classes affects the consistency
of particles allocated to the same class. A smaller number of
classes means more particles in each class, maybe leading to

poor consistency of particles within a class. Second, fewer
particles in a class means less signal in the class average (cor-
responding to a large number of classes), which reduces the
accuracy of the obtained membrane signals in the 2D classi-
fication average images. Therefore, a different setting of the
number of classes has an essential influence on subtraction. As
liposomes and membrane proteins coexist in the 2D classifica-
tion average images, the process of subtracting the 2D clas-
sification average image from the original particle inevitably
affects the membrane protein signals. Thus, the subtraction
of liposome signals and the preservation of membrane protein
signals are a pair of antagonistic factors. An appropriate num-
ber of classes for 2D classification averaging should be found

to balance these two aspects.

20 classes 10 classes

4.8
6.24
7.28
9.12
10.56
12.01

Fig. 5. Comparison of liposome signal subtraction effects under different numbers of classes. (a) Refinement results of particles after liposome
signal subtraction under conditions of varying number of classes. From left to right, the class numbers of 2D classification averaging are 50, 20,
10, 8, 5, and 2, respectively, with colors on the 3D model indicating local resolution information. (b)—(c) Comparisons of reconstruction details
under different numbers of classes. The gray area represents the 3D reconstruction results, and the blue ribbon is the 7WLU model from the protein
database. (b) Comparison of reconstruction details in the cap region of the PIEZO1 protein, corresponding to the red dashed box in panel (a). (c)
Comparison of reconstruction details in the distal blade region of the PIEZO1 protein, corresponding to the yellow dashed box in panel (a).

To compare the impact of the number of classes in 2D
classification averaging on liposome signal subtraction, we
initially classified 1.2 x 10° particles of PIEZO1 proteolipo-
somes under six different settings of the number of classes,
50, 20, 10, 8, 5, and 2. With the number of classes of 8,
we achieved the best resolution of 4.8 A in the transmem-
brane blade region and the cap region was at about 6 A
(Fig. 5(a)). The densities of the cap and distal blade regions
in the PIEZOL1 protein can evenly cover the protein structure
model (Figs. 5(b) and 5(c)). However, as the number of classes
decreased, the density of PIEZO1 protein became discontinu-
ous, many fragmented densities appeared around the PIEZO1,
and the resolution of the transmembrane region also decreased
(Fig. 5(a)). The densities of the cap and distal blade regions
became fragmented, leaving the protein structure model ex-
posed (Figs. 5(b) and 5(c)). Similarly, as the number of classes
increased, the overall resolution of PIEZO1 protein also de-
creased, and the surroundings became noisy (Fig. 5(a)). Mean-

while, the densities of the cap and distal blade regions could
not cover the protein structure model (Figs. 5(b) and 5(c)).
Until the number of classes is set to a saturation value,
indicated by the appearance of empty classes, increasing the
number of classes leads to finer 2D classification averaging
(Fig. S5 in supplementary information). The averaged im-
ages of liposomes closely resemble the shape characteristics
of the liposomes in individual particles, allowing for the per-
fect removal of liposome signals. However, the PIEZO1 in the
2D classification average image also becomes clearer, which
means that more PIEZO1 signals might be subtracted together
with the liposome signals during the subtraction. As the num-
ber of classes decreases, each class contains more PIEZO1
proteoliposomes with varied shapes, resulting in more blurred
liposomes and PIEZO1 (Fig. S5 in supplementary informa-
tion). At this point, although the subtraction operation can
leave the signals of PIEZO1 largely intact, the removal of lipo-
some signals introduces more imperfections, which will con-
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tinue to interfere with the alignment of membrane proteins.
A common selection criterion for an appropriate number of
classes is that the liposome part of each 2D classification av-
erage image has clear structural features, but the membrane
protein part remains relatively blurred.

3.3. Reconstruction after liposome signals subtraction

For the structural determination of protein—liposome
complexes, a widely used method was iteratively carrying
out 3D classification. However, the 3D classification is of-
ten interfered with by liposome signals. We compared the re-
sult of the 3D classification and the liposome signal subtrac-

tion method using the flattened conformation of the PIEZO1—
liposome complex.

Initially, we performed a global refinement using 1.2 x
10° particles in the dataset, followed by a local refinement
with a mask of the PIEZO1 protein. Ultimately, the recon-
struction of PIEZO1 reached an overall resolution of approx-
imately 8.4 A, in which the local resolution of the transmem-
brane blade region was reported nearing 6.2 A, and the cap
region at 9.1 A (Fig. 6(a)). During the alignment, the mem-
brane region dominated the alignment, indicated by the better
reconstruction at the liposome and the blade region (Fig. 6(a))
than that at the cap region of PIEZO1 protein (Fig. 6(b)).

Fig. 6. Comparison of PIEZO1 reconstruction using 3D classification averaging and liposome signal subtraction methods. (a) Density map
of the PIEZO1 protein reconstructed using 1.2 x 10° particles. Above the dashed line is the top view, and below the dashed line is the side
view, with colors on the 3D model indicating local resolution information. (b) Comparison of the 3D model in panel (a) with the protein
structure model (PDB: 7WLU). Above the dashed line is the cap region of the PIEZO1 protein, and below the dashed line is the distal blade
region of the PIEZO1 protein. (c)—(d) The reconstruction using 3.5 x 10* particles selected through 3D classification averaging. (e)—(f) The
reconstruction using 3.5 x 10* particles after liposome signal subtraction. (g)—(h) The reconstruction using 1.2 x 10° particles after liposome

signal subtraction.

Subsequently, we iteratively performed 3D classification
with only local alignment on the 1.2 x 103 particles. 3.5 x 10*
particles were then selected from the class with the highest res-
olution, and subjected to further local refinement with a shaped
mask of PIEZOL1. Finally, the overall resolution of the PIEZO1
protein was reported at 6.8 A, with the local resolution of the
transmembrane blade domain at 5.2 A and the cap domain at
7.8 A (Fig. 6(c)). The improvement was observed in the blade
region. On the contrary, the density of the liposome became
weaker than that of the blade regions (Fig. 6(c)). The density
of the cap region was improved relative to the previous recon-
struction, but was still not connected to the other region of the

PIEZO1, and the resolution was still much lower than that of
the blade region (Fig. 6(d)). 3D classification focusing on a
local region could partially suppress the impact of liposome
signals, but the liposome signals remained unchanged and rel-
atively strong. Consequently, the alignment was still focused
on the transmembrane region.

To reduce the influence of membranes, we carried out
membrane subtraction on the 3.5 x 10* particles selected in
the above process and performed the local refinement. Al-
though the overall resolution of the reconstruction map was
still around 7.1 A, and the local resolution of the transmem-
brane blade region decreased to 6.3 A, the resolution of the
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cap region was enhanced to 7.5 A (Fig. 6(e)). Additionally,
the density of the liposome in the reconstruction map virtually
disappeared (Fig. 6(e)), indicating the effective removal of li-
posome signals. Although the reported resolution of the cap
region remained unchanged, its density map was improved.
However, the resolution of the blade region overall declined,
and many fragmented densities appeared around the PIEZO1
protein (Fig. 6(f)). A possible reason for this might be that
the alignment was no longer focused on the transmembrane
region, and the removal of liposome signals may also lead to
the partial loss of the protein signal.

Finally, we expanded the number of particles, performing
membrane subtraction on all of the initial 1.2 x 10° particles,
and performed local refinement based on the orientation pa-
rameters obtained in the above processing. The overall reso-
lution of the PIEZO1 protein was improved to 5.8 A, with the
local resolution of the transmembrane blade region reaching
4.8 A, and the cap region at 6 A (Fig. 6(g)). The quality of
the density map in the cap region was significantly improved,
clearly displaying the structural features of the main chain and
some side chains. At the same time, the resolution of the distal
blade region was enhanced, and the continuity of the density
was improved (Fig. 6(h)). Although the operation of subtract-
ing the 2D classification average images from the original par-
ticles altered the signals of the membrane proteins, the above
results indicate that the increase in data volume can compen-
sate for this deficiency, thereby allowing us to obtain better 3D
reconstruction results. In summary, the liposome signal sub-
traction method proposed in this paper improved the overall
resolution of the PIEZO1 protein by approximately 3 A, with
an improvement in the density of both the blade and cap do-
mains from absent to present.

4. Discussion

In the alignment of cryo-EM SPA, the similarity compari-
son is the core step accomplished through iterative comparison
of particle images and model projections. For membrane pro-
teins reconstituted in liposomes, the membrane of liposome
is involved in the original particle image but excluded in the
model. Furthermore, the intrinsic flexibility and high contrast
under cryo-EM imaging obscure the alignment by reducing
the similarity between particle images and model projections
as well as dominating the alignment, resulting in a low resolu-
tion of the reconstruction.

This work proposed a method that subtracts liposome sig-
nals using 2D classification average images to reduce the inter-
ference of liposome signals, thereby diminishing their impact
on the alignment of membrane protein structure signals. Based
on the analysis using a PIEZO1-proteoliposome dataset, the
liposome signals in the low-frequency region of the 2D classi-
fication average images are stronger than those of the PIEZO1

protein. Reducing the liposome signals can improve the ac-
curacy of the alignment. Although subtracting the 2D classi-
fication average images from the original particle images also
removes part of the target protein signals in the low-frequency
region, the influence on the reconstructed map was subtle in
our test and could be highly compensated by involving a large
number of particles. To balance the influence of the subtrac-
tion and remaining protein signals, we introduced the scaling
factor as a hyperparameter so that the user can optimize the
subtraction. Meanwhile, errors are inevitably introduced into
the modified particle images during the subtraction operation.
To minimize the influence, the refinement should be limited to
local orientation optimization, and the global alignment must
be done ahead of the subtraction.

The present method performed well in improving the res-
olution of the flattened PIEZO1-proteoliposome, but there are
still spaces to improve the method. First, the operation of lipo-
some signal subtraction is strongly depending on several hy-
perparameters, including the boundary u; and the scaling fac-
tor ¢ and the number of classes in the 2D classification aver-
aging. These hyperparameters are not universal for different
datasets, and the determination of them is a procedure of trial
and error. Second, the improvement of the method requires
that the resolution of the liposomes in a 2D classification av-
erage image is better than that of the proteins embedded in
them. Otherwise, too much protein signal might be removed
during the subtraction. Therefore, this method is suitable for
the proteins embedded in the liposomes with some flexibility.

The 2D classification averaging is a routine step in SPA.
The method of liposome signal subtraction eliminates the need
for additional prior information or experimental approaches to
specifically remove signals of certain structures and is effec-
tual in improving the resolution of membrane proteins recon-
stituted in liposomes.
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