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A B S T R A C T

Cryo-Electron Tomography (cryo-ET) has become an essential technique in revealing cellular and macro-
molecular assembly structures in their native states. However, due to radiation damage and the limited tilt
range, cryo-ET suffers from low contrast and missing wedge artifacts, which limits the tomograms to low re-
solution and hinders further biological interpretation. In this study, we applied the Model-Based Iterative
Reconstruction (MBIR) method to obtain tomographic 3D reconstructions of experimental cryo-ET datasets and
demonstrated the advantages of MBIR in contrast improvement, missing wedge artifacts reduction, missing
information restoration, and subtomogram averaging compared with other reconstruction approaches.
Considering the outstanding reconstruction quality, MBIR has a great potential in the determination of high
resolution biological structures with cryo-ET.

1. Introduction

Cryo-electron tomography (cryo-ET) has emerged as a promising
technique that allows us to comprehensively explore macromolecular
complexes and cellular architecture in near-native states (Lučić et al.,
2005). Using cryo-ET, the 3D tomogram of the biological sample can be
reconstructed from a 2D tilt series collected by sequentially tilting the
sample at different projection angles around a tilt axis (Herman, 2009).
In practice, the quality of reconstruction with cryo-ET remains limited
by several challenges in the data acquisition and reconstruction process.

The extremely poor signal-to-noise ratio (SNR) of cryo-ET is the first
major challenge in improving cryo-ET resolution (Pilhofer et al., 2010).
To prevent significant radiation damage to biological samples by the
electron beam, the total dose used for a cryo-ET tilt series is typically
less than 100 e/Å2. This low-dose imaging strategy in combination with
the increment of sample thickness during tilting results in very noisy,
low contrast 2D projections, which poses a challenge in subsequent 2D
tilt series alignments and deteriorates the resolution of cryo-ET 3D re-
construction (Turoňová et al., 2015; Vanhecke et al., 2011).

The second major challenge of cryo-ET is the missing wedge arti-
facts caused by the limited tilt angle range during data collection
(Orlova and Saibil, 2011). Since more electrons are lost to inelastic
scattering as the effective sample thickness increases when the sample

is tilted (Pilhofer et al., 2010), the maximal tilt range of cryo-ET is
typically restricted within±70° to ensure enough electrons can tra-
verse through the sample, generate elastic scattering, and form reliable
images (Penczek et al., 1995). Consequently, the absence of the high tilt
angles (−90° ∼ −70° and +70° ∼ +90°) becomes a “missing wedge”
of un-sampled information in Fourier space, leading to severe ray ar-
tifacts, structural elongation and distortion effects in the final re-
construction (Chen et al., 2016). The missing wedge artifacts dramati-
cally weaken the interpretability of the reconstructed tomogram and
limit the achievable resolution of cryo-ET (Lučić et al., 2005).

To address these challenges of cryo-ET, we introduce the Model-
Based Iterative Reconstruction (MBIR) method (Venkatakrishnan et al.,
2015) for tomographic reconstruction and benchmark the tomogram
quality with the state-of-the art algorithms, including Weighted Back
Projection (WBP) (Radermacher, 1992), Simultaneous Iterative Re-
construction Technique (SIRT) (Gilbert, 1972), and Iterative Com-
pressed-sensing Optimized Non-uniform fast Fourier transform re-
construction (ICON) (Deng et al., 2016). MBIR method has been
previously shown to generate better quality tomograms when applied to
tomography applications like CT scan, X-Ray tomography, positron
emission tomography (PET), optical diffusion tomography (ODT), and
atomic resolution high-dose electron tomography of radiation-resistant
material specimens with heavy atoms (Venkatakrishnan et al., 2013).
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MBIR combines a forward model for image formation with a prior
model for the unknown structure to reconstruct tomograms. In this
study, tests with both plastic embedded ET dataset and ice embedded
low-dose cryo-ET datasets of radiation-sensitive biological samples
have shown that MBIR can significantly improve the reconstruction
quality with enhanced contrast, reduced missing wedge artifacts, par-
tially restored information in the un-sampled angular region, and im-
prove the resolution of subtomogram averages.

2. Methods

2.1. MBIR algorithm

In the MBIR framework, the reconstruction is formulated as the
maximum a posterior (MAP) estimate of the unknowns, given the
measurements

= =f p f g p g f p f(^ , ^) argmax{log ( , )} argmin{ log ( , ) log ( )}
f f, , (1)

where g represents the data obtained from an imaging system (e.g.
cryo-ET tilt series), f represents the unknown 3D structure to be dis-
covered, represents the unknown nuisance parameters of the system
such as beam intensity fluctuations and noise characteristics. p g f( | , )
is the likelihood function that models how the observations are related
to the unknowns, p f( ) is the assumed prior distribution of the unknown
structure. Here p g f( | , ) and p f( ) indicate the forward model of image
formation and prior model of the tomogram in MBIR algorithm, re-
spectively (Venkatakrishnan et al., 2015). The goal of MBIR will be to
compute a final estimate f that represents a balance between fitting the
measurements based on the system forward model p g f( | , ) while re-
maining consistent with the prior model p f( ).

Fig. 1 illustrates a general framework of MBIR for solving inverse

problems in imaging applications. The MBIR method uses probabilistic
models to cast the reconstruction as minimizing a cost/energy/fitting
function that balances two sets of terms - the data fidelity term (de-
termined from the log-likelihood model p g flog ( , )) and the regular-
ization term (determined from the log-prior model p flog ( )). The data
fidelity ensures that the reconstructed 3D volume and calibration values
match the measurements under the assumption of the appropriate
physics-based forward model (e.g., Beer-Lambert’s law with Poisson
statistics), while the regularization term encourages the 3D re-
constructions to have certain desirable properties (such as local corre-
lations that are common in real-world images/volumes). It is this sy-
nergistic combination of models that enable the MBIR method to
produce high quality tomograms even from limited-angle and highly
noisy datasets. Once the cost function is formulated, the main challenge
is to minimize it with respect to all the voxels in 3D and other cali-
bration parameters. Due to the extremely large number of unknowns,
an iterative algorithm has to be employed to solve this problem effi-
ciently. Notice that the choice of models typically defines the quality of
the final reconstruction while the choice of the iterative optimization
determines how fast we can compute this solution (Venkatakrishnan
et al., 2015, 2013).

2.2. Implementation of MBIR

The MBIR algorithm was implemented into a standalone program
with C++ language. It is cross-platform portable and works on Linux,
Windows and Mac OS X operating systems. The MBIR software package
used for ET is freely available in the form of binary executables and
source codes from the authors’ website (https://engineering.purdue.
edu/~bouman/OpenMBIR/bf-em). A tutorial of MBIR can be found in
the Supplementary Note.

Fig. 1. Graphical scheme of the MBIR algorithm. g denotes the tilt series from cryo-ET, f denotes the unknown structure, and denotes unknown nuisance
parameters of the system (e.g. noise characteristics) which needs to be determined in the inverse process. p (.) denotes the probability density function and p g f( , )
and p f( ) are the forward model and prior model in the MBIR algorithm, respectively. f and ^ denote the estimate of f and , respectively.
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2.3. Simulated datasets

We used the ribosome structure (EMD-8799) (Himes and Zhang,
2017) from the EMDB database (Lawson et al., 2011) to simulate a
synthetic 3D phantom (512x512x64 pixels) and generate tilt series with
different tilt ranges (e.g. −70° ∼ +70°, −60° ∼ +60°, −50° ∼
+50°), angular intervals (e.g. 1°, 2°, 4°), and Gaussian noises
(SNR=0.5, 0.25, 0.125). The synthetic phantom was generated using
EMAN2 package (Tang et al., 2007) and the tilt series were generated
using the radon function in Matlab. The missing wedges shown in the
power spectra of the central XZ-slices (Fig. S2) were calculated using
the EMAN2 processor mask.fft.wedge available in the EMAN2 version
2018-11-24 or later.

2.4. Experimental test datasets

We evaluated the performance of the MBIR method on both plastic
embedded ET dataset and cryo-ET datasets by comparing its results with
three reconstruction techniques used in the cryo-ET community, in-
cluding WBP and SIRT available in IMOD (Kremer et al., 1996), and
ICON. The plastic embedded ET dataset obtained from IMOD tutorial
website (Kremer et al., 1996) was originally provided for dual axes re-
construction, but we only used the first tilt series (BBa.st) in our study.
Four published experimental cryo-ET datasets (EMPIAR-10037 (Schur
et al., 2015), EMPIAR-10045 (Bharat and Scheres, 2016), EMPIAR-10064
(Khoshouei et al., 2017) and EMPIAR-10110 (Chang et al., 2017)) were
downloaded from the public database EMPIAR (Iudin et al., 2016).
EMPIAR-10064 dataset was collected with the Volta phase plate (VPP).
These tilt series were first aligned based on fiducial gold markers using
IMOD and then the same aligned tilt series were reconstructed without
further alignment by the four reconstruction techniques, respectively. We
used 12 iterations for cryo-ET dataset and 20 for the resin embedded
dataset in the SIRT method according to the IMOD instruction. The de-
tails of these datasets are summarized in Table S1 including data type,
biological sample, instrument, defocus, tilt scheme, total dose, and data
collection software. In this study, the figures used for comparing the
performance of different methods are contrast-normalized to avoid sub-
jectivity of observations and to ensure the reliability of comparison.

2.5. Leave-one-out fourier ring correlation (FRC)

Leave-one-out FRC method (Cardone et al., 2005) was used to assess
the information restoration capability of the four reconstruction methods.
In this test, the FRC is calculated for the raw tilt image X and the corre-
sponding reprojection X~ from a tomogram computed from all other tilts
without tilt X . Here the tilde sign represents the reprojection from a to-
mogram, and the minus sign represents the tomogram used for reprojec-
tion is calculated by omitting the tilt X from the original tilt series to avoid
bias. We first excluded a raw image X at a certain tilt angle and utilized
the remaining images of the tilt series to generate a tomogram. Next, we
re-projected this tomogram at the angle of tilt X to obtain a reprojection
X~ . Finally, we calculated the FRC curve between the excluded raw image
X and the reprojection X~ , and used this FRC curve as a quantitative
evaluation of the quality of the recovered information.

2.6. Subtomogram averaging

Single particle cryo-ET dataset of the S. cerevisiae 80 S ribosome
(EMPIAR-10045) was also used for the subtomogram averaging tests.
EMPIAR-10045 is the tutorial data of the Relion software (Bharat and
Scheres, 2016). We followed the standard protocol of Relion sub-
tomogram averaging and completed the tasks using Relion 2.1 package.
To reduce the effect of strong signals at low frequencies, we high-pass
filtered the MBIR tomograms to 20 Å.

Two subtomogram average maps (EMD-3228 (Bharat and Scheres,
2016) and EMD-8799 (Himes and Zhang, 2018)) of the same dataset

(EMPIAR-10045) were used as the reference maps to calculate the
Fourier Shell Correlation (FSC) with the average subtomograms gen-
erated in this study using WBP and MBIR, respectively. These two re-
ference maps with reported resolution of 13 Å and 7.8 Å, were gener-
ated using Relion (Bharat et al., 2015) and emClarity (Himes and
Zhang, 2018) packages, respectively.

3. Results

3.1. MBIR performance on simulated datasets

To evaluate the quality of information restoration in the missing
wedge, we performed tomogram reconstructions of three tilt series with
varying tilt ranges (−70° ∼ +70°, −60° ∼ +60°, −50° ∼ +50°, an-
gular interval=2°, SNR=0.5) using four different methods (WBP,
SIRT, ICON and MBIR), then extracted the missing wedge region from
each tomogram in Fourier space. The representative central XY-slices of
the phantom and the four reconstructions are displayed in Fig. S1. Fig. S2
shows the central XZ-slice of the power spectra in the region corre-
sponding to the missing wedge in the phantom (Fig. S2A) and WBP (Fig.
S2B), SIRT (Fig. S2C), ICON (Fig. S2D) and MBIR (Fig. S2E) tomograms
for the tilt angle range from −60° to +60°. Next, we calculated the FSC
between the phantom’s missing wedge region (Fig. S2A) and that of each
tomogram (Fig. S2B-E). As shown in Fig. S3, MBIR exhibits a con-
siderably better correlation between its recovered missing wedge in-
formation and the phantom than other methods for all the tested tilt
angle ranges including −70° to +70° (Fig. S3A), −60° to +60° (Fig.
S3B), −50° to +50° (Fig. S3C), respectively, indicating the superior
ability in restoring the missing wedge information by the MBIR method.
Furthermore, we re-plotted the FSC curves of Fig. S3A-C by reconstruc-
tion methods and compared the FSC of the same method for varying tilt
ranges in Fig. S3D-G. We can see that MBIR (Fig. S3G) is able to restore
more missing wedge information when the tilt range becomes larger and
the missing wedge becomes smaller (-70°∼+70°, red line in Fig. S3G).
However, other methods do not show significant improvement in re-
covering the missing wedge information when the tilt range increases.
Fig. S4 displays the FSC curves between the phantom and the whole
tomogram of each method. It is noted that MBIR’s FSC is always sig-
nificantly higher than other methods for the tested tilt ranges (Fig.
S4A–C), confirming the best performance by MBIR in restoring the
missing information. The results in Fig. S4D–G also confirm that the
quality of the tomograms become poorer with reduced tilt ranges.

To test the robustness of MBIR at different noise levels, we generated
reconstructions from three tilt series with varying amount of noise added
(SNR=0.5, 0.25, 0.125, tilt range is −60° ∼+60°, angular interval=2°).
Fig. S5 presents the 0° tilt image from each tilt series with SNR 0.5, 0.25 and
0.125, respectively. As described in Fig. S6A–C, MBIR tomogram has the
best correlation with the phantom at all tested noise levels, proving its ro-
bustness against the noise. The comparisons of the performance at different
noise levels (Fig. S6D–G) confirm that, as expected, the tomogram quality
degrades at higher noise levels regardless of the reconstruction method.

To assess the effect of angular interval on the tomogram quality,
tomograms were reconstructed from three tilt series with varying an-
gular increments (1°, 2°, 4°, tilt range is −60° ∼+60°, SNR=0.5). The
plots in Fig. S7A–C show that MBIR demonstrates the highest FSC with
the phantom at all tested angular intervals, implying that MBIR is better
at dealing with the limited angular sampling. As can be seen from Fig.
S7D–G, the tomogram quality is attenuated for all four methods, as
expected, with increased angular intervals. However, the increased
angular intervals have relatively less effect on the tomogram quality for
MBIR and ICON than WBP and SIRT.

3.2. Missing wedge assessments using gold markers

We then evaluated MBIR using one cryo-ET dataset (EMPIAR-10045)
by visually examining the missing wedge artifacts of gold markers in
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different slice views of the tomograms. Due to the missing wedge problem,
the gold markers become elongated along the direction of the missing
wedge and suffer from halos and streaking artifacts in the adjacent region.
Fig. 2 compares slice views of the reconstructions generated by the four
methods using gold markers as an indicator of quality. In each block, three
planes represent the XY-slice (middle plane), XZ-slice (top plane) and YZ-
slice (right plane) of the tomogram, respectively, intersecting at the same
gold marker. The zoomed-in view of the gold markers pointed by white
arrows in the three planes are placed at the corner of the corresponding
planes. From the XY-slices of tomograms, it is clear MBIR (XY-slice in
Fig. 2D) has eliminated the halos artifacts and displays more round, sharp-
edged gold markers than other methods. In the XZ and YZ-slices, MBIR
(Fig. 2D) significantly reduced the elongation and ray artifacts of gold
markers with improved contrast of the biological structures, compared
with the tomograms reconstructed by other methods. Hence, MBIR-re-
constructed tomograms show less artifacts from the missing wedge pro-
blem, better contrast in cryo specimen, and clearer background.

To further examine the performance of MBIR, we applied it to one cryo-
ET dataset acquired with VPP (EMPIAR-10064 in Fig. 3A), two cryo-ET
datasets without VPP (EMPIAR-10037 and EMPIAR-10110 in Fig. 3B and
C), and one plastic embedded ET dataset (IMOD tutorial dataset in Fig. 3D).
Fig. 3 shows the slice views of these four datasets in which each row re-
presents the results of one dataset reconstructed by the four methods and
each column represents the results of one method applied to different da-
tasets. In Fig. 3B and D, XY-slices are mainly used to reveal the re-
construction quality of sample areas without targeting at a gold marker
because the sample and markers are not on the same XY plane. EMPIAR-
10037 (Fig. 3B) is challenging due to its small tilt range (−45° ∼ +45°),
large angular interval (3°) and low total dose (24–34 e/Å2). For this chal-
lenging dataset, it is clear that WBP reconstruction quality is too poor to
make the biological sample visible. SIRT and ICON reconstructions contain

phantoms of gold markers at the upper left corners in XY-slice (circled by
dash lines in Fig. 3B) which is caused by the missing wedge artifacts and
should not appear here since gold markers are located in different Z sections
of the sample. In stark contrast, MBIR in Fig. 3B is able to drastically reduce
the missing wedge problem in XZ-slice and YZ-slice, completely suppress the
gold marker phantoms in XY-slice and considerably enhance the contrast of
biological samples. In addition, MBIR provides better quality of tomogram
in other datasets of Fig. 3, which is in a good agreement with the results
shown in Fig. 2. In summary, the comparison of slice views among different
methods in Fig. 3 and Fig. 2 gives a clear impression that MBIR has superior
performance in boosting contrast of biological specimens, eliminating halos
and streaking artifacts, retaining sharp features, and reducing noise. The
superior performance of MBIR is evident in both cryo-ET (Figs. 2 and 3A–C)
and plastic-embedded ET (Fig. 3D) datasets.

3.3. Power spectra evaluation

To quantitatively evaluate MBIR’s ability in restoring missing informa-
tion, we calculated the log-scaled power spectrum of the central XZ-slice
and used it as a measurement of information restoration in 3D reconstruc-
tion. As depicted in Fig. 4, four plots of power spectra correspond to the
central XZ-slices of the tomograms reconstructed by the four methods
shown in Fig. 2. It is noted that MBIR can fill more un-sampled region in
Fourier space than other methods, not only in the region of the missing
wedge but also the empty space between two adjacent tilts, suggesting
better performance of MBIR in restoring missing information. It is worth
noting that the lines at the corners of WBP (Fig. 4A) and SIRT (Fig. 4B)
power spectra are due to the aliasing issue. To check if such aliasing issues
are unique to our results, we downloaded another four 3D tomograms
(Albert et al., 2017; Bykov et al., 2017; Chang et al., 2017; Shahmoradian
et al., 2014) from EMDB, calculated their central XZ-slices power spectra,

Fig. 2. Comparison of tomograms from an
experimental cryo-ET dataset (EMPIAR-
10045) reconstructed by WBP (A), SIRT (B),
ICON (C) and MBIR (D) methods. The three
planes for each method represent the XY-
slice (middle plane), XZ-slice (top plane)
and YZ-slice (right plane) of the tomogram
intersecting at the same gold marker. In
each plane, the gold marker is indicted by a
white arrow with corresponding zoomed-in
view showing the missing wedge artifacts.

R. Yan, et al. Journal of Structural Biology 206 (2019) 183–192

186



and plotted them in Fig. S8. The results in Fig. S8 suggest that this aliasing
issue is a general phenomenon in the cryo-ET field (Kunz and Frangakis,
2014) since it is observed in a variety of data, including data from multiple
research groups, varying TEM facilities and imaging conditions, a diverse
range of samples, and different reconstruction software.

We next examined the central XZ-slice power spectra of the datasets
displayed in Fig. 3 and compared them in Fig. S9. In general, MBIR and
ICON yield more non-zero values in the missing wedge region than WBP
and SIRT, except for one challenging dataset (Fig. S9B). However, power
spectrum may not be a reliable and complete assessment for the in-
formation restoration because it only conveys the amplitude information
without considering the phase information. What’s more, various filters

can be internally applied to tomograms in different methods to balance
the non-uniform sampling in Fourier space (Wei et al., 2005). As a result,
further validation is still needed to confirm the advantage of MBIR in
restoring not only amplitude but also phase information.

3.4. Cross validation of projections using the leave-one-out FRC method

We used the leave-one-out FRC method described in Section 2.5 to
assess the correctness of the information restored by MBIR and compare
it with the performance of other reconstruction methods. As shown in
Fig. 5A, the first row and the second row are the raw images X (the first
image in each row) and the reprojections X~ corresponding to different
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Fig. 3. Comparison of tomograms from multiple experimental ET datasets reconstructed by different reconstruction techniques. Each row indicates the re-
constructions from the same dataset using different methods. Each column indicates the reconstructions from the same method applied to different datasets. The data
type and EMPIAR ID are denoted at the right side of each row. The method of comparison in each dataset is the same as described in Fig. 2. Note that the XY-slices of
the dataset shown in (B) and (D) are used to show the biological sample area and not targeted at the gold markers since the sample and gold markers are located in
different Z sections.
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Fig. 4. Comparison of the central XZ-slice power spectra from the tomograms shown in Fig. 2. The tomograms were reconstructed by WBP (A), SIRT (B), ICON (C)
and MBIR (D) methods, respectively.
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reconstruction methods at a smaller tilt angle 0° and a larger tilt angle
45°, respectively. The gold markers indicated by white arrows are
zoomed in and placed at the lower left corners of each images. It is
evident that the gold marker in MBIR reprojection is circular without
discernible distortion or blurring, which is nearly identical to the ori-
ginal tilted image, even at a high tilt angle. In contrast, the gold mar-
kers in the reprojections of other methods clearly suffer from missing
wedge artifacts including elongation, white halos, and blurring. Fur-
thermore, such visual assessments are verified quantitatively by the
FRC (Fig. 5B and C) of the raw tilt images and reprojections shown in
Fig. 5A. As shown in Fig. 5B and C, the quick drop of WBP (blue curve),
SIRT (red curve) and ICON (green curve) FRC curves implies that only
low resolution information is reliably restored in the non-sampled an-
gular regions. However, the FRC curve of MBIR exhibits a significantly
higher correlation between the reprojection and the original tilt image,
confirming the successful restoration of the missing information.

To further substantiate the capability of MBIR in restoring missing
information, we performed the same analysis as described in Fig. 5 on
more datasets and summarized the comparisons of raw images and re-
projections in Figs. S10 and S11 and FRC comparisons in Fig. 6. As can be
seen from Figs. S10 and S11, MBIR preserved the round shape of gold
markers in the leave-one-out reprojections at low (Fig. S10) and high
(Fig. S11) tilt angles in both cryo (Fig. S10A–C, Fig. S11A–C) and plastic

embedded datasets (Fig. S10D, Fig. S11D), which is consistent with the
results shown in Fig. 5A. Fig. 6 shows the FRC comparisons of different
methods when 0° (Fig. 6A, C, E, G) and 45° (Fig. 6B, D, F, H) tilts were
excluded in the leave-one-out tests, respectively. The FRC curve of MBIR
(yellow curve) in Fig. 6 is typically higher than that of other methods,
which suggests the superior quality of MBIR in recovering authentic in-
formation of biological samples in 3D tomographic reconstructions. As
demonstrated in Fig. 6A-B, VPP used in this dataset boosts the signal-to-
noise ratio of cryo-ET images and improves the low frequency signal in
FRC curve compared with Fig. 5B-C, leading to a smaller difference
among the results of the four reconstruction methods than the case
shown in Fig. 5. However, the local missing wedge artifacts around the
gold markers remained in the tomograms reconstructed by the other
three methods but not by MBIR for this cryo-ET dataset with VPP as
shown in the corresponding slice views (Fig. 3A) and reprojections (Figs.
S10A and S11A), emphasizing the advantages of MBIR method. There-
fore, all the analyses above validate MBIR’s capability to partially restore
the missing information in both cryo-ET and plastic embedded datasets.

3.5. Subtomogram averaging

In addition to above tests that demonstrated the excellent perfor-
mance of MBIR in generating raw tomograms, we have further tested if

Fig. 5. Comparison of missing information restoration from an experimental cryo-ET data (EMPIAR-10045) reconstructed by different reconstruction techniques
using the leave-one-out FRC method. (A) Comparison of reprojections at two tilt angles (0° in the first row and 45° in the second row) using the tomograms generated
without the corresponding tilt. The images in the first column are extracted from the tilt series, serving as the ground truth for comparison. In each plane, the gold
marker indicted by a white arrow is displayed with corresponding zoomed-in view. (B) and (C) are comparisons of the FRC curves of reprojections against the ground
truth as depicted in (A) when 0° and 45° tilt is excluded in the leave-one-out test, respectively.
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the improved raw tomogram quality can lead to improved sub-
tomogram averages. We used Relion to obtain the average ribosome
maps by using 1600 subtomograms (1003 voxels, voxel size 4.34 Å) of
the EMPIAR-10045 dataset extracted from WBP and MBIR tomograms
with 2X binning, respectively. The averaged subtomograms of WBP,
MBIR maps and their “gold standard” FSC curves are shown in Fig. 7A,
B and E, respectively. Although the “gold standard” FSC curves (Fig. 7E)
indicate a slightly better resolution for the MBIR map (green line in
Fig. 7E) than WBP (blue line in Fig. 7E), it is evident that the FSCs do
not drop to zero, which is puzzling but consistent with the results in-
cluded in the EMPIAR-10045 dataset. Therefore, the “gold standard”
FSC curves from the half maps may not be a reliable measurement of
resolution for this dataset.

To further assess the quality of the averaged subtomograms from
MBIR and WBP tomograms, we calculated the FSCs between them and
additional reference maps at higher reported resolutions. The reference
shown in Fig. 7C is the published subtomogram average map (EMD-
3228) solved by Relion package at 13 Å resolution with 3100 unbinned
subtomograms of the same dataset (Bharat et al., 2015). The MBIR’s
FSC (green line in Fig. 7F) shows significant overall improvement
compared with WBP’s FSC (blue line in Fig. 7F), implying the higher
reconstruction quality of the subtomogram average from MBIR. Fur-
thermore, another subtomogram average map (EMD-8799, Fig. 7D)
with the reported resolution of 7.8 Å, which was solved by emClarity
package using the same unbinned dataset (Himes and Zhang, 2018),
serves as another high-resolution reference to assess the quality of the

Fig. 6. Comparisons of FRC curves from multiple experimental ET datasets reconstructed by different reconstruction techniques using the leave-one-out FRC method.
Each row represents the comparison of FRC curves from the same dataset when 0° (left plot) and 45° (right plot) tilt is excluded in the leave-one-out test, respectively.
The details of the corresponding reprojections and ground truths are shown in Fig. S10 (0° excluded) and Fig. S11 (45° excluded), respectively.
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subtomogram averages. The apparent gap between FSCs in Fig. 7G
confirms the better quality of the subtomogram average from MBIR
than WBP.

4. Discussion

In addition to the most commonly used WBP method (Radermacher,
1992), many algorithms have been developed for 3D reconstruction of
electron tomography data, such as algebra methods (Gilbert, 1972;
Gordon et al., 1970; Marabini et al., 1998; Penczek et al., 2018; Wan
et al., 2011), Fourier transformation-based methods (Grigorieff, 1998;
Penczek et al., 2004; Sandberg et al., 2003; Zhang et al., 2008), Fourier-
based interpolation methods (Chen and Förster, 2014; Fessler and Sutton,
2003; Knopp et al., 2007; Matej et al., 2004), compressed sensing-based
reconstruction methods (Deng et al., 2016; Goris et al., 2012; Guay et al.,
2016; Leary et al., 2013), Monte Carlo-based method (Gregson et al.,
2012; Turoňová et al., 2015), nonlinear diffusion filter technique (Chen
et al., 2016; Perona and Malik, 1990), statistical reconstruction method
(Paavolainen et al., 2014), etc. As a widely explored 2D/3D re-
construction method, MBIR has a growing impact in the medical, in-
dustrial, and scientific imaging fields. In the present work, we introduced
the MBIR method into biological ET and corroborated the substantial
advantages of MBIR over current, state-of-the-art reconstruction methods
for both cryo and plastic embedded data. MBIR employs a model of the
image formation process and combines it with a prior model of the 3D
object to formulate a MAP estimation cost function which rejects mea-
surements that do not fit the model. MBIR is finding a fit that balances
between generating a reconstruction that matches the data and con-
straining it to have some properties that any real world object would
have. Our results on both simulated and experimental data have effec-
tively demonstrated the excellent performance of MBIR in contrast en-
hancement, missing wedge artifacts reduction, and missing information
restoration, generating visually and quantitatively accurate tomograms
that also allow improved subtomogram averaging.

At the beginning of our subtomogram averaging study, we were
puzzled by the “gold standard” FSC curves from the half maps (Fig. 7E)
since the improvement of MBIR’s FSC is only marginal despite the
dramatic enhancement at the tomogram level. The tails of FSCs in
Fig. 7E hover around a correlation at 0.1, rather than completely
dropping to zero, which is in general indicative of some artificial cor-
relation. In contrast, the FSC curves in Fig. 7F-G show significant im-
provements when comparing the averaged subtomograms with in-
dependently solved reference maps, and clearly drop to zero at high
spatial frequencies. Therefore, we should interpret the “gold standard”
FSC from the half maps with caution, instead of blindly trusting it,
especially when some artificial correlations prevent the FSC from
dropping to zero.

Cryo-ET tomographic reconstruction usually suffers from problems
such as a high level of noise, poor contrast, artifacts caused by the
missing wedge issue and unreliable restoration of missing information,
which poses significant challenges to subsequent analysis of the tomo-
grams. The clear benefits of MBIR should not only help achieve better
quality reconstruction as shown in this work, but also facilitate further
visualization and computational tasks, such as biological feature in-
terpretation, structure segmentation and ultimately help advance cryo-
ET to higher resolution.

While MBIR significantly improves tomography quality, the ex-
tensive computational load makes its speed slower compared to other
approaches (Table S2) and currently restricts the application of MBIR to
small datasets. Recently, a computationally optimized algorithm
termed Non-Uniform Parallel Super-Voxel (NU-PSV) has been devel-
oped for MBIR 3D reconstruction of CT images which enables rapid and
massively parallel reconstruction while ensuring fast convergence
(Wang et al., 2017). Thus, it is desirable to implement this powerful
parallel algorithm into cryo-ET MBIR reconstruction in the future, using
either GPU or multicore CPUs on multiple computer nodes. Further-
more, MBIR should be generalized to support tomographic re-
construction using double-tilt geometry and incorporate the objective

A B C D

E GF

WBP MBIR EMD-3228 EMD-8799

Fig. 7. Comparison of subtomogram averages. (A) the averaged map of WBP’s subtomograms. (B) the averaged map of MBIR’s subtomograms. (C) the published
subtomogram average map EMD-3228. (D) the published subtomogram average map EMD-8799. (E) the comparison of the “gold standard” FSC curves between WBP
and MBIR maps. (F) FSC curves between the reference map EMD-3228 in (C) and the averaged subtomograms (WBP in blue and MBIR in green). (G) FSC curves
between the reference map EMD-8779 in (D) and the averaged subtomograms (WBP in blue and MBIR in green).
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lens contrast transfer function (e.g. defocus, astigmatism, Volta phase
shift) into its forward image formation model during its iterative re-
construction process.
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