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Abstract

Cryo-electron tomography (cryo-ET) allows 3D volumes to be reconstructed from a set
of 2D projection images of a tilted biological sample. It allows densities to be resolved in
3D that would otherwise overlap in 2D projection images. Cryo-ET can be applied to
resolve structural features in complex native environments, such as within the cell. Anal-
ogous to single-particle reconstruction in cryo-electron microscopy, structures present
in multiple copies within tomograms can be extracted, aligned, and averaged, thus
increasing the signal-to-noise ratio and resolution. This reconstruction approach, ter-
med subtomogram averaging, can be used to determine protein structures in situ. It
can also be applied to facilitate more conventional 2D image analysis approaches. In
this chapter, we provide an introduction to cryo-ET and subtomogram averaging.
We describe the overall workflow, including tomographic data collection,
preprocessing, tomogram reconstruction, subtomogram alignment and averaging,
classification, and postprocessing. We consider theoretical issues and practical consid-
erations for each step in the workflow, alongwith descriptions of recent methodological
advances and remaining limitations.

1. INTRODUCTION

A growing number of publications using single-particle reconstruc-

tion approaches illustrate the increasing power of cryo-electron microscopy

(cryo-EM) to resolve high-resolution structures (Bartesaghi et al., 2015;

Fischer et al., 2015; Grant & Grigorieff, 2015). Single-particle approaches

generally require the molecules of interest to be isolated and purified from

their native environments. For many biological molecules—including

membrane-associated complexes, large cellular ultrastructures, and pleo-

morphic viruses—their relevant structural forms may only exist in their

native environments. Even in cases where purification is technically feasible,

removing biological molecules from their native environments may elimi-

nate interesting structural features including transient binding partners,

environment-specific conformations, and other contextual information.

There is therefore a need for reconstruction methods that can be applied

“in situ,” that is, within complex, native environments.

Single-particle and related reconstruction approaches can often not be

applied in situ because molecules “above and below” the particles of interest

are superimposed in the cryo-EM projection image; this overlapping

information confounds image analysis. In these cases, the method of choice

is cryo-electron tomography (cryo-ET) combined with subtomogram

averaging, which is able to determine high-resolution structures of macro-

molecules in complex, heterogeneous environments. For recent reviews of
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cryo-ET and subtomogram averaging the reader is referred to Briggs (2013),

F€orster, Han, and Beck (2010), F€orster and Hegerl (2007), Lučić, Rigort,

and Baumeister (2013), Schmid (2011), and Yahav, Maimon, Grossman,

Dahan, and Medalia (2011).

In cryo-ET, the sample is rotated through a set of defined tilts, and at

each tilt a projection image is collected. From this set of projection images,

ie, a tilt-series, a 3D reconstruction of the field of view can be generated

(a tomogram). Confounding densities that would otherwise overlap with the

object of interest in individual projection images are separated out in the

tomogram. The objects of interest can then be extracted in 3D, free of over-

lapping densities, and further processed using subtomogram averaging.

Subtomogram averaging is analogous to single-particle reconstruction,

but with the key distinction that the particles are represented by three-

dimensional volumes rather than two-dimensional projections. Like single-

particle reconstruction, subtomogram averaging works by iteratively

aligning and averaging images, or in this case volumes, of a large number

of copies of the particle, thereby increasing the signal-to-noise ratio

(SNR) and the resolution (Fig. 1). Subtomogram averaging is less widely

applied than single-particle reconstruction. At the time of writing, 11% of

entries in the EMDataBank are from subtomogram averaging, compared

to 77% from single-particle reconstruction. This reflects a number of limit-

ing factors including the difficulty in collecting a large number of tomograms

Fig. 1 Overview of subtomogram averaging workflow. Subtomograms are cubes
extracted from the full tomogram; each subtomogram contains a randomly oriented
copy of the molecule of interest. Subtomograms are aligned to the reference and a
new reference is generated from the aligned particles. This process is iterated until
the alignment converges to a stable reference. Reproduced from Briggs, J. A. G. (2013).
Structural biology in situ—The potential of subtomogram averaging. Current Opinion
in Structural Biology, 23, 261–267.
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suitable for high-resolution processing and the increased computational costs

required for processing large 3D datasets. As such, where overlapping densi-

ties are not a limiting problem, single-particle reconstruction is the preferred

method.We believe that the ability of subtomogram averaging to determine

structures in situ will lead to it being even more widely applied in the future.

In this chapter, we seek to outline the general principles of subtomogram

averaging and their distinctions with respect to single-particle approaches.

We cover the complete workflow including tomographic data collection,

raw data preprocessing, tomogram reconstruction, and subtomogram aver-

aging (Fig. 2). It is still “early days” in subtomogram averaging and the

Specimen preparation

Data collection

Raw image preprocessing

Tilt-series alignment

Tomogram reconstruction

Particle picking

Subtomogram alignment
and averaging

Classification and
alignment

Maximum-likelihood
subtomogram averaging

and classification

Resolution measurement
and sharpening

Final structure

Fig. 2 Cryo-electron tomography and subtomogram averaging workflow. For details,
see text.
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method is still evolving. As such, rather than providing a step-by-step

protocol, this chapter will discuss important aspects and considerations at

each stage.

2. TOMOGRAPHIC DATA COLLECTION

2.1 General Principles
Cryo-electron tomograms are 3D reconstructions calculated from a series of

cryo-EM images collected at defined tilts. In order to calculate the recon-

structions, the relative orientations of the images within these tilt-series must

be precisely determined; this is most commonly performed with the use of

embedded fiducial markers. The aligned tilt-series are then computationally

reconstructed into a 3D volume. The central slice theorem shows that the

Fourier transform of each projection image corresponds to a planar slice

through the Fourier transform of the 3D volume; tomographic reconstruc-

tion from a tilt-series is a means of filling 3D Fourier space with a series of

planar slices oriented about the tilt axis (De Rosier & Klug, 1968). Practical

factors such as the thickness of the sample and the sample holder geometry

limit the maximum tilt angles that can be collected, leading to a “missing

wedge” of information in Fourier space (Fig. 3) (Schmid & Booth,

2008). The conjugate effect in real space is a deformation along the direction

of missing information. As such, tomograms are an incomplete 3D represen-

tation of the specimen.

While a tilt-series consists of a set of 2D cryo-EM images, tilt-series data

collection nevertheless differs in a number of ways from 2D data collection

for single-particle cryo-EM. Tilting the stage results in large movements of

the specimen. Specimenmovement parallel to the beam results in changes in

the height of the specimen and thus changes in focus, while movements per-

pendicular to the beam result in shifts in the field of view. Tilting the spec-

imen also introduces increased stage drift, increased specimen motion at

higher tilt angles, increased specimen charging, and introduces defocus

ramps due to height differences in a tilted specimen. Some of these problems

can be addressed during tilt-series acquisition, while others can be dealt

with during preprocessing of the raw data. Adequately addressing these

considerations leads to longer data acquisition times; this is a necessary cost

because quickly collected, poor data cannot yield high-resolution structures.

Through the use of automated acquisition pipelines, large datasets can be

efficiently collected while fulfilling all the stringent requirements outlined

earlier.
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The electron dose that a particular biological specimen can sustain is lim-

ited. In 2D data collection, this dose can be applied in one exposure, but for

tilt-series acquisition this dose must be fractionated over 30–120 images. As

such, the dose and therefore the SNR for each image within a tilt stack is

much lower than that of a typical 2D image. A further loss in SNR results

from the fact that tilting the specimen effectively increases its thickness.

2.2 Tomogram Acquisition
A useful tomogram acquisition pipeline should allow for the systematic

identification of areas of interest as well as automated tilt-series collection.

Multiscale mapping—iteratively mapping portions of the grid at different

magnifications—is an efficient method for determining regions of interest

(see chapter “Strategies for Automated CryoEM Data Collection Using

Direct Detectors” by Cheng et al.). The initial maps are taken of the entire

grid to determine grid squares that contain adequate ice. Grid squares of

interest can then be selected and mapped at higher magnification to identify

Fig. 3 Effects of the missing wedge on subtomograms. Left column is a simulated den-
sity map of an eightfold symmetric thermosome calculated from a crystal structure (PDB
ID: 3j1b) using EMAN. To simulate a subtomogram affected by a missing wedge (right
column), the thermosome density was projected from �60 to 60 degree in 3 degree
increments and reconstructed by WBP using IMOD. The tilt axis is normal to the plane
of the page, and themicroscope column axis is oriented from top to bottom of the page.
Top row shows a slice of the density maps in real space while bottom row shows a slice
through Fourier space. Real-space and Fourier space slices of the ideal particle and sub-
tomogram are each shown with the same gray values. In Fourier space, the subtomo-
gram shows a missing wedge. This leads to smearing of the real-space density map.
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regions where a tilt-series could be collected. The best positions are then

selected and stored for subsequent tilt-series collection. For example, we

typically use a magnification of 175� for full grid mapping and image-

selected grid squares at 2250�, to find areas with suitable ice and objects

of interest—a different magnification may be appropriate depending on

the specimen and microscope configuration. Areas surrounded by thicker

ice or contamination should be avoided, as these may come into the field

of view during specimen tilting. It should also be noted that mapping results

in preexposure of areas prior to data collection. As such, mapping should be

performed with the minimal amount of electron exposure required to iden-

tify areas of interest. In an extension to this multiscale mapping approach,

correlative light and electron microscopy can also be applied to identify areas

of interest based on a fluorescent signal (Zhang, 2013).

Since tilting of the specimen leads to displacements and stage drift, it is nec-

essary to perform tracking and autofocusing, and to wait for the stage to sta-

bilize, before each image is collected. Automation of these steps is essential for

efficient collection of high-quality data (Dierksen, Typke, Hegerl, Koster, &

Baumeister, 1992; Koster, Van den Bos, & van derMast, 1987). Tracking cor-

rects for stagemovement perpendicular to the electron beam, thus keeping the

field of view constant in each tilt image. Autofocus corrects for stage move-

ment parallel to the electron beam, allowing for reproducible defocus across a

tilt-series. In order to accurately focus, autofocus should be performed on an

area as close as the imaging area as possible along the tilt axis. This minimizes

the defocus difference between the focus area and the imaged specimen, but

cannot completely account for focal differences. Sufficient time between

tilting and image acquisition is required in order tominimize mechanical drift.

An arbitrary “wait time” can be set between tilting and acquisition to allow

stage settling. This time may prove to be insufficient or excessive so it is pref-

erable to use automated drift determination to wait until drift is below a given

threshold (Hagen, Wan, & Briggs, 2016).

When collecting cryo-electron tomograms for subsequent subtomogram

averaging, the data collection strategy must be designed with the singular

goal of maintaining high-resolution information. This means that appro-

priate thresholds for focus and drift must be set. Setting a lower threshold

tolerance for stage drift minimizes image blurring due to mechanical

motion. Tracking, autofocus, and drift determination can be run iteratively

for more precise and efficient determination of each parameter, as tracking

and autofocus are performed while the stage is settling.

The pattern in which the stage is tilted during tilt-series acquisition is

called a tilt scheme; tilt schemes determine how information is distributed
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across a tilt-series. For subtomogram averaging the tilt scheme must also be

selected with the goal of maintaining high-resolution information. Tilt

schemes essentially break down to three components: the total angular range

covered, the angular increments between tilt images, and the order in which

each tilt image is collected. The angular range is generally limited by the

specimen geometry and stage mechanics—often it is�70 degree. In general

it is best to collect as wide a range as possible tominimize distortion caused by

the missing wedge (Fig. 3). The angular increments used can be linear, ie, a

constant value throughout the tilt-series, or nonlinear, where the angular

increments are not equally spaced. Nonlinear tilt schemes have been used

for well-defined specimens to strategically collect frequencies of interest

(Saxton, Baumeister, &Hahn, 1984).However, we consider linear tilt incre-

ments to be sufficient for subtomogram averaging, as the ultimate goal is to fill

Fourier space through alignment and averaging of multiple subtomograms.

There are two key factors to consider when selecting a tilt scheme. The

first is that beam-induced damage of biological samples is cumulative, and

that high-resolution information is degraded first (see chapter “Specimen

Behavior in the Electron Beam” by Glaeser). This means that highest

resolution information is only present in the early images in the tilt-series.

The second is that at high tilts, the sample is thicker in the direction of

the electron beam, leading to increased noise due to multiple scattering.

The simplest scheme is the unidirectional tilt scheme, which sweeps

from one angular extreme to the other (Fig. 4). Despite their simplicity,

Fig. 4 Schematic showing the order in which tilts are collected in unidirectional, bidi-
rectional, and “dual-walkup” tilt schemes. Tilts are shown from �60 to +60 degrees in
3 degree increments for a total of 41 tilts. Gray values/colors correspond to the collection
order of each tilt according to the colormap shown on the right. When tilts are collected
with constant exposure times, tilt order is directly related to accumulated electron dose
on each image. The unidirectional tilt scheme shows a linear sweep from one angular
extreme to the other. The bidirectional tilt scheme shows the discontinuity when the
tilt-increment direction is changed. The dual-walkup tilt scheme shows near-symmetric
accumulated electron dose.
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unidirectional tilt schemes are poor for preserving high-resolution informa-

tion as the initial exposures, which contain the high-resolution information

prior to beam-induced degradation, are concentrated on the high-tilt images

where the sample appears thick. In the bidirectional tilt scheme (Fig. 4),

image acquisition begins at zero-tilt and moves toward the first angular

extreme, it then returns to zero andmoves toward the other angular extreme

to collect the second half of the tilt range. In this approach, earlier exposures

are collected when the specimen is thinnest, better preserving high-

resolution information. However, during the course of tilt-series collection,

beam-induced deformations accumulate in the sample; the low-tilt images

collected at the start of each half of the tilt-series are of samples with very

different accumulated exposure, and there may be differences between

the images. This can potentially introduce artifacts into the tomogram,

and in some cases, prevent alignment of the tilt-series altogether. Hybrid

approaches can give better results, for example, collecting from �20 to

+60 degrees, thus sweeping through the central tilt angles before returning

to�20 degrees and collecting the other half of the series (Pfeffer et al., 2015).

An optimal tilt scheme for preserving high-resolution information is dose

symmetric: it begins at zero-tilt, followed by collecting incrementally larger

tilts while oscillating the tilt direction; ie, 0, 3, �3, �6, 6 degree, …

(Hagen et al., 2016; Fig. 4). This scheme ensures that the highest resolution

information is collected when the specimen is thinnest, provides a nearly sym-

metric distribution of information in Fourier space, and distributes beam-

induced deformation evenly across the tilt-series.

There are currently a number of commercial and noncommercial soft-

ware packages for automated tomographic data collection. In order to meet

the requirements described earlier, a suitable package should allow for auto-

mated multiscale mapping, autofocusing, tracking, and a flexible scripting

interface to allow for implementation of alternative tilt schemes. Several

packages are available that fulfill some or all of the requirements outlined

earlier (Carragher et al., 2000; Mastronarde, 2005; Zheng et al., 2007;

Ziese et al., 2002; see also chapter “Strategies for Automated CryoEM Data

Collection Using Direct Detectors” by Cheng et al.).

3. TILT-SERIES PROCESSING AND TOMOGRAM
RECONSTRUCTION

3.1 Preprocessing of Raw Images
Raw images from tilt-series can be processed prior to tomogram reconstruc-

tion. For data collected in movie mode on a direct electron detector, an
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important initial processing step is frame alignment to correct for beam-

induced motion (Brilot et al., 2012). A number of published algorithms

for single-particle methods can be used to align frames (Campbell et al.,

2012; Grant & Grigorieff, 2015; Li et al., 2013; see also chapter “Processing

of CryoEM Movie Data” by Ripstein and Rubinstein), but since tilt-series

frames generally have lower electron dose than single-particle frames, algo-

rithms that use moving averages may prove more successful. The presence of

high-contrast gold fiducials in the sample may facilitate frame alignment

despite the lower dose.

Prior to tomogram reconstruction the individual tilt images can be

“exposure filtered” to account for the effects of beam-induced information

loss (Schur et al., 2016). Exposure filters essentially behave as dose-

dependent low-pass filters, in which each image is filtered according to

the accumulated electron dose; exposure filtering can be applied in a way

that is analogous to that developed for single particles (Grant &

Grigorieff, 2015). Exposure filtering results in reduced noise and higher con-

trast in the reconstructed tomograms, resulting in faster convergence of

alignment during subtomogram averaging. However, exposure filtering also

dampens Thon rings, so defocus determination should be performed on

nonexposure-filtered tilt-series.

3.2 Defocus Determination of Tilt Images
Defocus determination for tilt images is typically more difficult than for stan-

dard single-particle images. When compared to single-particle images,

images from a tilt-series have lower SNR, resulting in weaker Thon rings,

making defocus determination by contrast transfer function (CTF) fitting

more difficult. The low SNR results from a combination of the low dose

applied to each tilt image; specimen tilt, which effectively increases sample

thickness; and the fact that a typical cryo-ET specimen is thicker than a

single-particle specimen (up to 200–500 nm). Low SNR is particularly chal-

lenging for data collected on CCD cameras. Another complication in CTF

fitting is the mixing of defoci within a tilt image. Specimen tilt leads to dif-

ferences in height across the image, resulting in a defocus gradient perpen-

dicular to the tilt axis. Furthermore, within a thick sample objects at multiple

heights within the ice layer are at different defoci, but are superimposed in

the image. Despite these challenges, it is possible to determine defoci for tilt-

series with sufficient accuracy for high-resolution structure determination

(Schur, Hagen, de Marco, & Briggs, 2013).
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Inaccuracy in defocus determination, along with the subsequent inaccu-

racy in CTF correction, can limit the achievable resolution of a dataset in the

form of an envelope function (Jensen, 2001). The effect of defocus error has

been simulated for individual tomograms and large tomographic datasets

(Schur et al., 2013; Zanetti, Riches, Fuller, & Briggs, 2009). Defocus errors

of 100 nm result in 50% signal transfer at�8 Å, indicating that defocus errors

within this range are acceptable for subnanometer structure determination.

However, it should be noted that this defocus error envelope is one of many

that limit information transfer, and as such does not act as a hard resolution

limit. To a certain extent, defocus error can be overcome by increasing

dataset size.

Low SNR and the resulting poor Thon ring signal make it difficult

to perform reliable CTF fitting. Thon rings can be enhanced, as in

single-particle images, by periodogram averaging or downsampling of

the full image Fourier transform, as well as by radial averaging (Fernández,

Li, & Crowther, 2006; Fernández, Sanjurjo, & Carazo, 1997; Rohou &

Grigorieff, 2015). In cases where these enhancement methods still pro-

vide insufficient signal to measure the defocus, power spectra from multiple

images can be averaged in order to enhance SNR (Schur et al., 2013).

The CTF measured by averaging power spectra from images with vary-

ing defocus does not oscillate in phase with the theoretical CTF of

the average defocus. The phase errors increase with defocus variation

and resolution (Schur et al., 2013; Zanetti et al., 2009); it is therefore advis-

able in this case to use a data collection scheme with a low-tolerated

defocus range.

In a tilted image there is a defocus gradient across the image perpendic-

ular to the tilt axis (Fernández et al., 2006; Xiong, Morphew, Schwartz,

Hoenger, & Mastronarde, 2009). For tilted images, it is only necessary to

determine the mean defocus, or equivalently, the defocus at the tilt axis.

The defocus gradient can then be accounted for because the tilt angle is

known. Because of the defocus ramp, the Thon rings in the power spectrum

of a tilted image reflect a number of different CTFs averaged together.

Exactly as described earlier for averaging images of different defocus, this

average CTF goes out of phase with the CTF of the mean defocus with

increasing resolution (Zanetti et al., 2009). In addition, this averaging also

produces an envelope function that dampens Thon ring signal. A number

of algorithms have been developed to determine the mean defocus of a tilted

image; these are generally based on periodogram averaging of strips that run

parallel to the tilt axis. Within each strip, there is minimal variation in
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defocus. This approach provides a number of defocus measurements per-

pendicular to the tilt axis (Fernández et al., 2006; Mindell & Grigorieff,

2003; Xiong et al., 2009), which can then be used to calculate the mean

defocus, the defocus gradient, or both. Since these strips incorporate only

limited image area, it can be challenging to obtain accurate defocus measure-

ments from the low SNR images from tilt-series.

3.3 CTF Correction of Tilt Images
CTF correction of tilt images is more complicated than for standard single-

particle images due to the defocus gradient across the image. The simplest

approach is to perform CTF correction on strips parallel to the tilt axis, each

according to the local defocus. In this stripwise approach, the images in the

tilt-series must first be rotated and shifted to align the tilt axis with an image

axis (Fernández et al., 2006; Xiong et al., 2009). Overlapping strips are then

extracted parallel to the tilt axis and CTF-corrected using a local defocus

value; thin central strips, which have minimal defocus differences, are then

extracted from the large corrected strips and combined to form a new

corrected image (Fernández et al., 2006). Another approach is to also extract

strips for CTF correction, but rather using only a central strip in the

corrected image, the entire strip is used and interpolation is applied to areas

of the corrected strips that overlap, smoothing the transitions between the

corrected strips (Xiong et al., 2009). It is possible to avoid rotation of the

tilt images by instead applying CTF correction to square tiles extracted in

a gridwise pattern, but this has substantially greater computational cost

(Zanetti et al., 2009).

A more complex approach to CTF correction of tilt images is to perform

global correction; that is, CTF correction of a full image rather than piece-

wise correction across an image. The advantage to such an approach is that it

avoids artifacts related to the size of the extracted areas and the interpolation

involved in recombining locally corrected areas. Two optimized methods

have been described: one for CTF correction per tilt image and one for

3D CTF correction during tomogram reconstruction (Voortman,

Franken, van Vliet, & Rieger, 2012; Voortman, Stallinga, Schoenmakers,

van Vliet, & Rieger, 2011). The per tilt-image correction is implemented

as a processing filter similar to stripwise CTF correction, but with a CTF

model that allows for CTF correction of the entire image. The 3DCTF cor-

rection takes into account defocus variation within the thickness of the spec-

imen (Jensen & Kornberg, 2000; Voortman et al., 2012, 2011). While the
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3D CTF-correction implementation described here is designed to be opti-

mally efficient, it is still extremely computationally expensive, and therefore

currently rarely applied during tomogram reconstruction. It may become

more widely used as higher resolutions are targeted in thicker samples.

3.4 Local Defocus Determination and CTF Correction
In thick specimens there can be significant defocus differences between indi-

vidual particles depending on whether they are at the top or bottom of the

ice layer. As discussed earlier, one solution is to use 3D CTF-correction

methods. An alternative solution is to determine the local defocus of each

particle and perform local CTF correction.

To determine local defocus for each particle of interest it is first necessary

to determine its 3D position in a reconstructed tomogram. The mean

defocus must also be determined using the approaches described in the pre-

vious section. When the particles of interest are the only objects in the field

of view, the mean defocus plane can be approximated as the center of mass of

the particles; this approximation becomes less accurate when grid-support

carbon or other Thon ring-producing objects are in the field of view.

The height offset of each particle from the mean defocus plane can be cal-

culated from its 3D position, and when combined with the distance of each

particle from the tilt axis and the tilt angle for each image, the local defocus of

each particle in each tilt image can be determined.

After determination of local defoci, local CTF correction can be per-

formed; currently there are two described methods, each with their own

benefits and problems. The first method is to extract the 2D projections

of each particle from each tilt image, perform CTF correction, and then

directly reconstruct a subtomogram containing each particle (without

reconstructing the full tomogram; Chen & F€orster, 2014; Zhang & Ren,

2012). This approach allows accurate CTF correction, as long as the projec-

tion that is corrected is large enough to contain the full point-spread func-

tion. There are, however, inaccuracies associated with directly

reconstructing a subtomogram which is only part of the sample volume

(Turoňová, Marsalek, & Slusallek, 2016), and doing so makes use of the sub-

tomogram central section approximation (see Section 6).

The second method is to perform CTF correction on the Fourier slices

of a subtomogram that has been extracted from a non-CTF-corrected tomo-

gram (Bharat, Russo, L€owe, Passmore, & Scheres, 2015). This allows the

CTF to be refined during reconstruction (see section 5). A possible problem
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with such an approach is that it cannot account for convolution of data from

different Fourier planes that take place during subtomogram extraction—it

implicitly makes use of the subtomogram central section approximation. An

additional possible problem with this approach is that the size of each sub-

tomogram must be large enough to contain the full point-spread function

prior to CTF correction.

Despite the described problems, both of the earlier methods have been

successfully applied (Bharat et al., 2015; Chen & F€orster, 2014; Zhang &

Ren, 2012). Nevertheless, further development of local CTF correction

methods is required before they become a generally applicable part of the

subtomogram workflow.

3.5 Tilt-Series Alignment
The relative orientations of all images within each tilt-series are only approx-

imately known from the parameters of the tomographic data collection, and

they must be more precisely calculated before tomogram reconstruction

(Amat et al., 2010). This process, often called tilt-series or tomogram align-

ment, generally includes determining shifts between each image, refining

the orientation of the tilt axis, refining the tilt angles, and compensating

for image skewing or deformations. These alignment parameters are most

commonly determined using high-contrast gold fiducials embedded within

the ice throughout the field of view.

The positions of the fiducials first need to be measured. The most com-

mon fiducial markers used are gold beads, as they appear as highly contrasted

discs in projection images. Their high contrast allows them to be identified

by automatic picking algorithms. With good prior knowledge of the rota-

tion and tilt angles, fiducials can generally be automatically tracked through a

tilt-series. Manual intervention in fiducial tracking is often used to correct

for clustered or overlapping fiducials, or for individual fiducials that may

move during data collection. In some cases human judgment may be the

most efficient way to identify the most well-behaved fiducial markers in

order to yield an optimal alignment.Well-behaved fiducial markers may also

be determined through statistical means; such approaches exhibit varying

levels of success owing to the complexity of the fiducial models. Fully auto-

mated alignment algorithms that require almost no user intervention have

recently become available (Han, Wang, Liu, Sun, & Zhang, 2015).

Tilt-series can also be aligned without the use of fiducial markers, for

example, using “patch tracking.” Patch tracking relies on calculating the
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cross correlation (CC) between image patches throughout the tilt-series;

these values are then used to align the tilt stack (Amat et al., 2010;

Brandt, 2005; Castaño-Dı́ez, Scheffer, Al-Amoudi, & Frangakis, 2010).

These approaches are often less accurate than fiducial-based alignment,

but can be applied to samples such as focused ion beam scanning electron

microscopy (FIB-SEM) lamellae, where it can be very difficult to prepare

samples containing fiducial markers.

The positions of the fiducials within the tilt images are used to generate

and refine models that describe the relationship of the tilt images to the 3D

coordinate space in which the tomogram will be reconstructed. The refine-

ment of the different parameters can be interrelated, and depending on the

number of fiducials present the parameters may be underdetermined. For

this reason the number of parameters being modeled should be minimized.

Shifts must always be determined, as the field of view is never perfectly rec-

entered after tilting. The angle of the tilt axis in each image is a combination

of stage geometry, magnification, and beam settings; proper tuning of the

microscope can effectively make this a constant at each magnification and

remove the need for refinement during tilt-series alignment. Stage tilt angle

is purely a mechanical property whose accuracy and precision can be deter-

mined prior to data collection—refinement of tilt angles is not always

required during tilt-series alignment. The effects of beam-induced specimen

deformations are minimized when the data are collected at high magnifica-

tions with correspondingly small fields of view—this is often the case for

subtomogram averaging. Compensating for deformation is best avoided

unless obviously necessary. In optimal cases, and with sufficient a priori

knowledge about the microscope and stage, it may only be necessary to

determine image shifts for tomogram reconstruction.

3.6 Tomogram Reconstruction
After preprocessing and alignment, the tilt-series can be used to generate a

3D reconstruction—a tomogram. A number of different methods are avail-

able to reconstruct tomograms. The conceptually simplest approach is Fou-

rier synthesis, based on the central slice theorem. The Fourier transform of

each projection image is calculated and placed into a plane of a 3D Fourier

space. Once all tilts are included, this is then inverse-transformed to yield a

real-space 3D reconstruction (De Rosier & Klug, 1968). Backprojection

methods are real-space analogs to Fourier synthesis approaches, without

the need to perform large Fourier transforms (Bracewell & Riddle, 1967).
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In backprojection, the densities from the tilt images are projected into a real-

space volume. It is most commonly applied as weighted backprojection

(WBP) which more accurately reproduces the density within the specimen

by reweighting overrepresented frequencies (Rademacher, 2005).

Widely used iterative reconstruction methods include the Algebraic

Reconstruction Technique (ART; Gordon, Bender, & Herman, 1970;

Marabini, Herman, & Carazo, 1998), the Simultaneous Iterative Recon-

struction Technique (SIRT; Gilbert, 1972), and the Simultaneous Algebraic

Reconstruction Technique (SART; Andersen & Kak, 1984). In such

methods, the information from the tilt images is not projected to form

the tomogram, but instead sets of linear equations corresponding to rays

projecting into the tomogram are iteratively solved by minimizing discrep-

ancies between calculated projections of the reconstruction and the tilt

images. These algorithms are generally terminated after a user-defined num-

ber of iterations. Iterative methods yield tomograms with better contrast and

less noise; they are generally easier to directly interpret than tomograms

reconstructed with WBP.

The higher contrast in tomograms generated by iterative methods

reflects better, low-resolution signal which is advantageous for sub-

tomogram alignment. However, higher resolution information that is below

the noise level in individual tomograms may be lost when applying these

approaches. In WBP, the high-resolution signal that is substantially below

the noise level is preserved such that it can be amplified and restored during

subtomogram averaging. WBP is currently the most commonly used

approach for subtomogram averaging.

New iterative methods are being developed specifically for sub-

tomogram averaging applications; the goal of such methods is to achieve

the high contrast of iterative methods while maintaining high-resolution

information. The Iterative Nonuniform fast Fourier transform-based

Reconstruction (INFR) method is an iterative method that is able to

retrieve meaningful low-frequency information in missing regions of

Fourier space (Chen & F€orster, 2014). Supersampling SART is an imple-

mentation of SART that aims to minimize aliasing and improve high-

resolution data restoration (Kunz & Frangakis, 2014). The progressive

stochastic reconstruction technique samples the tomographic space with

spheres and performs reconstruction by moving the spheres with a

Metropolis–Hastings strategy and minimizing the difference between the

calculated projections and experimental data, which allows for progressively

finer sampling by reducing sphere size and localized refinement in regions
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of interest (Turoňová, Marsalek, Davidovič, & Slusallek, 2015). Each of

these algorithms has been shown to perform better than WBP with low-

resolution (20–30 Å) subtomogram averaging test sets. However, these

methods have not been tested using datasets known to achieve sub-

nanometer resolutions; whether these approaches maintain high-resolution

data as well as WBP remains to be seen.

4. SUBTOMOGRAM AVERAGING

4.1 Particle Picking and Starting References
For subtomogram averaging of discrete single molecules or assemblies, par-

ticle picking is analogous to single-particle approaches. A number of pack-

ages allow for manual picking from tomograms with various options for

tomogram visualization (Castaño-Dı́ez, Kudryashev, Arheit, & Stahlberg,

2012; Galaz-Montoya, Flanagan, Schmid, & Ludtke, 2015). Filtering, con-

trast enhancement, or denoising of the tomograms may assist in manual

picking (Hegerl & Frangakis, 2005). Automated particle picking generally

relies on template matching approaches, where templates can be initial struc-

tures generated from manual picking, low-pass filtered structures that were

previously determined, or simple shape phantoms (B€ohm et al., 2000;

F€orster et al., 2010; Hrabe et al., 2012). For molecules attached to surfaces,

such as glycoproteins, segmentation of the surfaces can reduce the search

space for template matching (White et al., 2010).

Molecules that form densely packed 2D arrays can be efficiently picked

by extracting subtomograms on a grid of points along the array surface.

Examples of such arrays include helices or lattices assembled on membrane

surfaces. Alignment of subtomograms extracted from an oversampled grid

leads to clustering of the oversampled subunits; redundant subtomograms

can then be removed. For regular surfaces such as spheres or tubes, the cen-

ters can be defined as points or splines, respectively. Using these center

points and measured radii, regular lattices points can be calculated, for exam-

ple (Briggs et al., 2009). Alternatively points can be extracted along a seg-

mented surface, for example (Zanetti et al., 2013).

Because of the 3D nature of tomographic data, the orientation of the par-

ticle can often be roughly estimated prior to alignment based on the context

of the particle within the tomogram. In the case of discrete molecules, visible

structural features such as membrane tethers or characteristic shapes can

allow rough orientations to be estimated. Such approaches have been

implemented in some particle picking programs, where initial orientations
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can be manually assigned during particle picking. For particles within helical

arrays or on membrane surfaces, angles normal to the surfaces can be calcu-

lated and used as starting orientations (F€orster, Medalia, Zauberman,

Baumeister, & Fass, 2005). This orientation information can greatly reduce

the space that needs to be sampled during the subsequent angular search.

Just as with single-particle methods, the iterative nature of subtomogram

averaging means that starting references have the potential to irreversibly

bias the structure determination. Care must therefore be taken in deriving

a starting reference. In practice, initial references can be generated by aver-

aging particles according to predetermined starting orientations, or by

generating appropriate phantom shapes. Small subsets of the data can be

averaged and aligned to determine featured, low-resolution structures; these

can then be used for alignment of the full dataset.

4.2 General Principles of Subtomogram Averaging
The core of the subtomogram averaging workflow is an iterative alignment

and averaging procedure: a set of subtomograms are aligned with a reference

so as to maximize a scoring function; the aligned subtomograms are then

averaged to produce a structure which becomes the reference for the next

round of alignment in an iterative process (Fig. 1). Alignments are generally

performed by masking and rotating the reference structure into different

orientations and comparing these with each subtomogram; spatial shifts

and alignment scores are typically calculated by CC functions (Fig. 5;

F€orster & Hegerl, 2007). Alternate methods using fast rotational matching

(FRM) have also been used (Bartesaghi et al., 2008; Chen & F€orster,
2014; Xu, Beck, & Alber, 2012). At the end of each iteration, after optimal

orientational parameters have been calculated, individual subtomograms are

rotated and translated back to the reference frame and averaged. The average

may require reweighting in Fourier space to account for anisotropic sam-

pling caused by the missing wedge (F€orster et al., 2005). This approach is

analogous to many single-particle and helical reconstruction approaches,

but in 3D. By going to 3D, both the memory and computation time

required to process each particle increase significantly. In addition, the ori-

entational search space expands; in 2D methods the search space consists of

two shifts and three rotation axes, while in subtomogram averaging three

shift directions and three rotations axes must be considered.

Each subtomogram has wedge of missing information in Fourier space as

the consequence of 3D reconstruction from a limited range of tilt angles.
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Fig. 5 Subtomogram alignment by angular search. In gray are the manipulations performed on the reference structure. In purple (dark gray in
the print version) are the manipulations performed on each subtomogram. The referenced is masked and rotated into each orientation to be
assessed and a wedge mask is applied. The subtomogram is filtered and compared to the reference by cross correlation. The CCC function is
masked to limit the range of allowable shifts and the peak is identified. The peak position determines the translations; the rotation of the
reference in which the highest CCC value is identified determines the rotation. Shown are simulated reference and subtomograms of eight-
fold symmetric thermosomes. Density maps were calculated from a crystal structure (PDB ID: 3j1b) using EMAN; structures were low-pass
filtered andGaussian noise was added usingMATLAB. The reference has a SNR of 0.75, while the subtomogram has a SNR of 0.1. In themasked
CCCmap (rightmost panel), the X-mark denotes the center of the box and the arrow indicates the CCC peak; the vector between the two points
indicates the determined translation.

http://firstglance.jmol.org/fg.htm?mol=3j1b


This missing wedge causes deformations in real space and can lead to erro-

neous subtomogram alignments (Figs. 3 and 5) (F€orster et al., 2005;

Schmid & Booth, 2008). This problem is especially severe when the refer-

ence volume also contains anisotropic information, for example, when the

objects of interest have a preferred orientation within the sample. For align-

ment of an isotropic reference with a subtomogram, the missing wedge can

be compensated for by applying an equivalent binary wedge-shaped mask to

the reference in Fourier space (Bartesaghi et al., 2008; F€orster et al., 2005;
Frangakis et al., 2002; Schmid & Booth, 2008)—effectively the sub-

tomogram is always compared with a reference that has a missing wedge

in the same orientation. Such wedge-masked CC functions are generally

called constrained cross-correlation (CCC) functions. For the alignment

of twomissing wedge-affected volumes, it is essential to compensate for each

missing wedge to avoid alignment of the missing wedges regardless of the

particle orientation. In this case wedgemasks can be applied to both volumes

so that only the common regions of Fourier space are considered during

alignment (F€orster, Pruggnaller, Seybert, & Frangakis, 2008).

To save computational resources, subtomogram alignments can be first

performed with binned data; as the maximum resolution for each binning is

reached, the data are unbinned and the alignments are further refined. Fur-

thermore, as with single-particle methods, data should be low-pass filtered in

order to remove high-resolution noise and to prevent overalignment. Espe-

cially during early stages of alignment, convergence is generally faster if only

strong low-resolution information is included. The data should be filtered at

a resolution below the measured resolution at each iteration. One approach

is to limit the resolution used for alignment to the resolution where the Fou-

rier shell correlation (FSC) reaches at 0.5 (Hrabe et al., 2012), though a more

cautious filter may be needed to avoid correlations in Fourier space beyond

the currently reliable resolution. Real-space masking can be used to remove

regions of the volume that do not contain parts of the object of interest; this

helps to remove noise and aids in normalization of the molecular density.

Masks can be simple shapes such as spheres or cylinders or be designed to

fit the molecules. As in single-particle reconstruction, mask edges should

be mollified—this is particularly important for structures where molecular

densities go to the volume edges.

4.3 Alignment by Angular Search
Subtomogram averaging is most commonly performed using an angular-

search procedure to align the reference structure to each subtomogram
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(Fig. 5) (Castaño-Dı́ez et al., 2012; F€orster et al., 2005; Hrabe et al., 2012;

Nicastro et al., 2006). This proceeds by real-space masking the reference

structure, rotating the masked reference, masking the missing wedge in Fou-

rier space, and calculating the 3D CC between this volume and the sub-

tomogram. The rotational search space is described by three Euler angles.

There are various Euler angle conventions, for example: the first angle is

an in-plane (azimuthal) rotation, followed by an out-of-plane (polar) rota-

tion, and a final in-plane rotation. The first two angles can be envisaged as

describing the subtomogram orientation as a position on the surface of a

sphere; the third describes the subtomogram orientation in the plane of

the sphere surface. The CC function is most efficiently calculated in Fourier

space, which also allows for masking of the missing wedge (Frangakis et al.,

2002). The position and value at each point in the resultant 3D CC volume

describes the similarity of the two volumes with a given translation—the

peak becomes the CCC score and the peak position provides the shift. Shifts

can be limited to a certain ranges or directions by applying spherical or non-

spherical binary masks to the CC volume. After optimal rotations and shifts

have been determined for each subtomogram, they are applied to the sub-

tomograms, which are then summed to generate the final average. In order

to account for anisotropic sampling in Fourier space, wedge masks are

rotated and summed as with the subtomograms, resulting in a Fourier space

weighting mask. The Fourier-weighted subtomogram sum is then divided

by the number of subtomograms to yield the final average.

In order to successfully identify the correct alignment for a sub-

tomogram, the CC peak at the true angle and rotation must be higher than

all other peaks in the search space. The chances of this being the case can be

increased by masking and filtering the data in real and Fourier space to

remove noise. It can be further increased by limiting the search space as

much as possible. A priori information can be used to restrict the alignment

search space in a number of ways. For discrete particles where rough orien-

tations are known, the range of the angular search can be limited. For

densely packed arrays, knowledge of the rough size of each subunit allows

for estimation of the packing density, which limits the azimuthal and polar

search space for each discrete subunit. Knowledge of symmetry can reduce

the required search space. For special cases such as helices, all Euler angles

can be restricted based on the geometries required for helical packing. In

addition to angular restrictions, shifts can also be restricted using a priori

information. Manual and automatic picking of discrete particles can gener-

ally be assumed to have a certain level of spatial precision; an estimate of this

can be used to restrict shifts by applying masks to the CC volume. For
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oversampled, densely packed surfaces, shifts can be restricted by the sampling

parameters, or by a priori knowledge of subunit sizes and packing distances.

The more the search space can be limited by a priori information, the faster

the search, the faster the convergence, and the greater the likelihood of

avoiding local minima.

4.4 Alignment with Fast Rotational Matching
Subtomogram alignment is computationally expensive. Resource intensive

processes include Fourier transforms and rotations of 3D volumes; rotations

are generally the most costly as linear interpolation is required. In order to

decrease computational cost, FRM-based approaches determine alignment

parameters without the need to explicitly rotate volumes to perform angular

searches (Kovacs & Wriggers, 2002). This is accomplished by dividing the

alignment into two parts: the rotational search and the translational search.

The rotational search is performed by the calculation of a 3D CC function

between the reference and the subtomogram using spherical Fourier trans-

forms; the peak of the spherical cross-correlation (SCC) map indicates the

rotation that yields maximum similarity. The reference can be rotated by

these angles and the Cartesian space CC function between the rotated ref-

erence and the subtomogram determines the optimal translation. An under-

lying problem with this approach is that calculation of the rotation by SCC

requires a correctly centered particle while particle centering via CCC

requires a correctly rotated particle. One solution is to use only the Fourier

amplitudes in calculating the SCC, which yields a shift-invariant SCC

(Bartesaghi et al., 2008; Xu et al., 2012). Another approach is to first calcu-

late a shift-invariant SCC to obtain an initial rough rotation, and then to

refine the alignment by iterating between translational and rotational

searches (Chen, Pfeffer, Hrabe, Schuller, & F€orster, 2013).
FRM-based methods are much faster than angular search-based methods

for global alignment. Since each round of FRM alignment is a global align-

ment, they are also less prone to getting stuck in local alignment minima.

Where fine angular-search increments are required, and reliable a priori

information exists that allows the angular-search space to be limited,

FRM-based approaches may be slower than standard angular-search

approaches. The speed of FRM-based approaches depends on a number

of parameters including maximal frequency and the bandwidth of spherical

harmonics; more spherical harmonics terms are required to represent higher

resolution features, resulting in increased computational cost with higher
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resolution alignments. A given estimate is that for a maximum frequency of

20 Å, one round of FRM is approximately as fast as calculating 108 angular

comparisons (Chen et al., 2013). For high-resolution subtomogram averag-

ing, combinations of FRM and angular search may be appropriate.

4.5 Postprocessing: Assessing and Reweighting the Final
Structure

The final subtomogram averages can be assessed using statistical measures

such as FSCs and spectral SNRs as in single-particle reconstruction. For con-

tinuous structures where structural density is present to the box edges, care

must be taken to sufficiently mollify mask edges prior to FSC calculation, so

as to not introduce artificial edges. It may be possible to further validate the

final alignment parameters by visualizing the orientation and position of the

aligned subtomograms in 3D—for example, membrane proteins should be

distributed on a membrane surface, while the subunits of a helix should be

distributed in a helical pattern.

As for single-particle reconstruction, subtomogram averages can be

“sharpened” by appropriately reweighting high-resolution information.

In practice the B factors are often higher than for single-particle maps

due to factors including the more heterogeneous nature of the samples

and overrepresentation of low-resolution terms in high-tilt images.

Depending on the reconstruction pipeline, it may also be appropriate to

apply other reweighting steps, for example, to upweight very low frequen-

cies or to correct for an uneven defocus distribution.

5. CLASSIFICATION IN SUBTOMOGRAM AVERAGING

5.1 General Principles
Classification allows for identification of false positives included in the

dataset during the picking steps, and more importantly allows for the sepa-

ration of heterogeneous assemblies or conformations. While classification is

routine in single-particle approaches, it is more challenging in subtomogram

averaging due to difficulties in implementation, computational cost, and the

small size of typical datasets. Subtomogram classification methods broadly

fall into two categories: classification performed after subtomogram align-

ment and classification performed during subtomogram alignment.

Classification after subtomogram alignment requires sufficient homoge-

neity to get an alignment in the first place. Classification is then based on

assessing differences between individual subtomograms. Classification
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during alignment is generally performed by aligning each subtomogram

against multiple references and assigning classes based on the similarities

between each subtomogram and each reference.

5.2 Postalignment Classification
The simplest form of classification is to set a threshold value for the CCC

between the aligned subtomogram and the reference; all subtomograms

below the threshold are removed from the dataset. This can be useful when

the majority of subtomograms contain the properly aligned structure of

interest; in such cases CCC thresholding can be used to remove misaligned

subtomograms or those containing other structures. Where there is a high

degree of structural heterogeneity or misalignment, such approaches may fail

because the CCC is calculated using a reference that is itself averaged from

heterogeneous particles.

A more sophisticated approach to postalignment classification is to com-

pare the subtomograms in the dataset and cluster the dataset into a number of

different classes. This enables the separation of heterogeneous structures,

unlike CCC thresholding, which only removes subtomograms dissimilar

to the reference. In single-particle methods, classification is often performed

in two stages: first the features in each image are reduced to a small number

of attributes; these attributes are then used to cluster the images into a set of

classes (Frank, 2006). In order to determine the features in each image, the

aligned images are compared pixel by pixel, generally using correspondence

analysis or principle component analysis (PCA). This results in the image

information being reduced to a number of eigenvectors and eigenvalues;

eigenvectors with high eigenvalues are then used for clustering, generally

by k-means or hierarchical clustering. In subtomogram averaging, voxel-

by-voxel comparisons are not generally performed directly on sub-

tomograms, as the missing wedge becomes the main classification feature.

An exception to this is in cases where the molecules have a preferred orien-

tation with respect to the missing wedge, making the Fourier space sampling

and real-space deformations roughly equivalent for each subtomogram

(Taylor et al., 1999). In all other cases, clustering methods in subtomogram

averagingmust be performed on information that describes the differences in

each subtomogram, but is unaffected by the missing wedge. These types of

information can be obtained by modifying the subtomogram intensities to

compensate for the missing wedge, or by calculating similarity measures that

take into account or are not affected by the missing wedge.
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Modifying subtomogram intensities to compensate for the missing

wedge allows for voxel-by-voxel comparisons, analogous to single-particle

methods. One approach is to calculate wedge-masked differences (WMDs)

between each subtomogram and the averaged reference (Heumann,

Hoenger, & Mastronarde, 2011). For calculation of WMDs, the sub-

tomogram is first rotated into the same orientation as the reference. The ref-

erence is wedge-masked with a wedge in the same orientation as that in the

rotated subtomogram, thereby reproducing the missing wedge-related dis-

tortions in the reference volume. The difference between the two volumes is

then calculated. Classification is then performed by PCA on the WMDs,

followed by k-means clustering of eigenvectors. If regions of expected var-

iability are known a priori, classification can be improved bymasking around

these regions prior to PCA. Because eigenvolumes of the WMDs are deter-

mined, they can be used to visually assess variable regions of the structure,

facilitating iterative clustering and masking.

Similarity-based clustering and classification is commonly performed

using correlation matrices consisting of pairwise CCCs between all sub-

tomograms in the dataset. CCCs are calculated after rotating each sub-

tomogram into the reference orientation; as described earlier, CCCs

between two missing wedge-affected volumes compare only the common

parts of Fourier space. Clustering is then performed on the correlation

matrix using PCA and k-means clustering, or hierarchical clustering

(Castaño-Dı́ez et al., 2012; F€orster et al., 2008). Hierarchical clustering

has the advantage that no explicit decision regarding the number of classes

is required, though it does require choosing an arbitrary cutoff value to

define classes. A priori knowledge about the regions of known variability

can be used to aid classification by masking around these regions prior to

correlation matrix calculation. A weakness of correlation matrix-based

approaches is that the common area of Fourier space between two missing

wedge-affected subtomograms that is considered during the CCC can be

small, and information describing the variability may not be included. Cor-

relation matrix-based approaches are generally lower dimensional problems

than voxel comparisons, but have the additional computational cost of

calculating CCCs.

In what can be considered a hybrid approach, areas of structural variance

can first be identified through voxel comparisons; this information can be

used to weight the subtomograms prior to calculation of a similarity score

which is then used for classification (Xu et al., 2012). In this approach,

areas of variability are determined by taking each voxel of an aligned
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subtomogram and calculating its covariance with respect to each neighbor-

ing voxel and with the same voxel from each subtomogram in the full

dataset. The relationship between a voxel and its neighbors describes the

continuity of a possible structural feature while its relationship with the

entire dataset describes whether or not it is an area with variable structure.

Variable areas that may contain useful classification features are then used to

generate weighting masks before calculating a pairwise CCC matrix

between each subtomogram. Classes are then determined by performing

hierarchal clustering on this distance matrix.

These postalignment classification methods are effective at separating

heterogeneous populations, but they have so far only been used on relatively

small datasets. For large high-resolution subtomogram averaging datasets,

the computational requirements for PCA and hierarchical clustering are

daunting. Unlike subtomogram alignment, these clustering methods are

not simply parallelizable problems; to our knowledge no parallelized PCA

or hierarchical clustering methods have yet been implemented for sub-

tomogram averaging.

5.3 Classification During Alignment
Classification during alignment is most commonly performed through

multireference alignment. Multireference-based approaches require an esti-

mate of the number of classes, which determines the number of references.

Each subtomogram is assigned to a class by aligning it against all references

and identifying the reference to which it is most similar. At the end of each

iteration, the members of each class are averaged to generate a new set of

references. Through iterative alignment and averaging the differences are

amplified and the references are refined. In its simplest form, known refer-

ences can be used to separate a heterogeneous dataset. Such approaches may

be useful for classifying different molecules in visual proteomics experiments

or identifying a subset of the data with a difference in subunit composition.

For cases where there is no a priori knowledge of the structure, the gener-

ation of initial references is more difficult. One approach is to randomly split

and average the dataset into a number of starting references. If the goal is to

find sparsely populated classes, the number of references generated may need

to be substantially higher than the number of classes required. After the ref-

erences converge, the redundant classes are found using a correlation matrix

and hierarchical clustering as described earlier. In this case, the information

in each reference is isotropically distributed and has a higher SNR than
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individual subtomograms, making the clustering results more reliable than

clustering between subtomograms (Hrabe et al., 2012). A simulated

annealing approach can be added to the classification step to allow for

jumping between classes, reducing the risk of entering local minima based

on the starting references. With each new iteration, the annealing temper-

ature is lowered, allowing for settling of the classes.

For particularly well-aligned datasets, the orientational search can also be

omitted, effectively making multireference-based classification a post-

alignment approach. The advantage of such a postalignment multireference

approach is that each of the references used has isotropically distributed

information and a high SNR, making scoring by CCC more reliable.

Multireference-based classification can be used to sort according to local

differences within similar structures by masking around known areas of

variation (such as the binding sites of cofactors) before calculation of the

CCC. If the dataset has already been partially aligned, variance maps may

be used to determine areas of interest at each iteration. Masks for focused

classification can be generated automatically; automatic mask generation

during multireference alignment and classification can allow for targeting

of the variable regions of the structure without a priori knowledge. One

approach is to calculate the variation between each pair of references at every

iteration in order to generate a set of pairwise focused masks (Chen, Pfeffer,

Fernández, Sorzano, & F€orster, 2014). Each subtomogram is scored against

each reference pair using the corresponding focused masks and assigned to

the highest scoring class. If there are more than two classes, the results of each

pairwise comparison count as a vote; the subtomogram is assigned to the

class with the largest number of votes.

The postalignment classification procedures described in the previous

section and the “during-alignment” approaches described in this section

can be combined and implemented within workflows that iterate between

classification and multireference subtomogram alignment.

6. MAXIMUM-LIKELIHOOD APPROACHES FOR
SUBTOMOGRAM ALIGNMENT AND CLASSIFICATION

6.1 General Principles
Maximum-likelihood (ML) approaches optimize a target function that

describes the likelihood of observing the experimental data from the refer-

ence structure (Sigworth, Doerschuk, Carazo, & Scheres, 2010). This is

achieved using expectation–maximization algorithms. First the probability
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of observing each possible orientation of each subtomogram, given the

reference, is determined, while making use of prior knowledge about prob-

ability distributions. A new reference is then generated as a probability-

weighted average of each subtomogram in each orientation. This process

is iterated with finer samplings of orientational space until the model

converges—the likelihood is maximized. ML approaches are distinct from

the “maximum cross-correlation” approaches described earlier, in which

structures are determined by finding the rotational and translational param-

eters that maximize the CCC between each subtomogram with the refer-

ence. Maximum CC methods seek to find the “correct” orientation for

each subtomogram and each subtomogram contributes to the next reference

in only one orientation. In contrast ML methods model the probability of

each subtomogram in all orientations, and each subtomogram contributes to

the next reference in all orientations, weighted by the determined probabil-

ity. True ML approaches require evenly spaced complete sampling of

parameter space to prevent orientational bias; ie, all possible angles and shifts

must be sampled with evenly spaced steps. Due to this exhaustive sampling

of the parameter space, ML approaches should provide the optimum solu-

tion for the given starting reference with minimal user input, but this

exhaustive sampling results in substantially more computational cost than

maximum CC approaches. Heuristic approaches can be used to limit the

search space to more probable orientations; this can save computational costs

but may reduce the likelihood of finding the true optimum solution. It is not

necessarily the case that ML approaches provide inherently better results

than maximum CC approaches.

Classification can be performed using ML approaches by increasing the

number of reference structures (Scheres, 2010). This is a relatively simple

addition to the statistical model as it only results in an additional parameter

for which the probabilities are calculated. While this is a multireference

approach, it is distinct from those normally found in maximum CC

methods, as it does not require an explicit decision as to which class each

subtomogram belongs to.

6.2 Current ML Implementations
Several ML approaches to subtomogram averaging have been described.

While 2D ML approaches can be in real or Fourier space, ML approaches

to subtomogram averaging work in Fourier space because of the require-

ment for missing wedge compensation. Subtomogram ML as implemented
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in the Xmipp package uses a relatively conservative approach to dealing with

the missing wedge; the missing data are substituted with the previous refer-

ence, tempering the rate at which the new reference diverges from the old

references (Scheres, Melero, Valle, & Carazo, 2009). Updating the reference

is less sensitive to changes in undersampled regions of Fourier space, reduc-

ing problems with reference bias where the particles have a preferred orien-

tation relative to the wedge. In MLTOMO, data in the missing region are

simply not considered by applying a wedge mask to the reference structure

(St€olken et al., 2011). To account for preferred orientations, a “compound

wedge” is calculated by summing the missing wedges of all the oriented sub-

tomograms, effectively producing a weighting mask describing sampling

from the dataset. The compound wedge is applied to the subtomograms,

thus giving the subtomogram and the reference the same wedge function

prior to the calculation of probabilities.

The RELION approach for subtomogram averaging is distinct from

otherML andmaximumCC approaches in that it incorporates a CTFmodel

into the ML optimization protocol (Bharat et al., 2015). As with the CTF

model in single-particle RELION, the SNR is a parameter that is explicitly

estimated in each iteration and used to calculate the structure using aWiener

filter leading to improved image restoration.Missing wedge compensation is

combined into this CTF correction model—the missing regions are treated

similarly to nodes in the CTF. The input data for RELION subtomogram

averaging are non-CTF-corrected subtomograms. The CTF is corrected by

Wiener filtering each corresponding Fourier slice (see Section 2). RELION

has been successfully applied to determine subnanometer resolution struc-

tures of test samples (Bharat et al., 2015).

7. COMBINATIONS OF SUBTOMOGRAM AVERAGING
AND 2D APPROACHES

7.1 Using 3D Data to Aid 2D Reconstructions
2D and 3D alignment and averaging approaches each have their own

strengths and weaknesses; in certain situations, combining the two

approaches can be an effective approach to structure determination. As

noted earlier, subtomogram averaging has more complicated data collection

and increased computational cost—it is generally not a good idea to use

subtomogram averaging in situations where single-particle approaches are

sufficient. However, subtomogram averaging has a number of features

that can make it a useful tool to generate starting models for subsequent
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single-particle reconstruction. First, the initial tomographic reconstruction

results in unbiased 3D reconstructions, as fiducial markers are used to drive

the tilt-series alignment. Second, where averaging is required to generate a

starting model, the higher dimensionality of subtomogram data may lead to

more robust reference-free generation of starting models as compared

to generating initial structures from projection images. Third, initial struc-

tures from tomographic data have absolute handedness, thus eliminating an

ambiguity inherent to single-particle approaches.

For helical reconstruction, subtomogram averaging has been shown to

useful in determining helical parameters (Bharat, Davey, et al., 2012;

Bharat, Noda, et al., 2012; Bharat et al., 2011; Skruzny et al., 2015). Sub-

tomogram alignment provides the coordinates of each subunit in 3D space,

which can be used to directly determine average helical parameters, largely

supplanting more difficult methods such as mass-per-length measurements

from scanning transmission electron microscopy or helical indexing from

X-ray diffraction. As with single-particle methods, subtomogram alignment

also provides the absolute handedness of helical assemblies, supplanting

methods such as metal shadowing, scanning electron microscopy, and

atomic force microscopy. In situations where the helical parameters are

variable, collection of a high-dose image followed by a tilt-series allows

the local helical parameters to be determined by subtomogram averaging,

and the high-resolution reconstruction to be generated from the 2D image

(Bharat, Davey, et al., 2012; Bharat, Noda, et al., 2012).

7.2 Improving Subtomogram Averages with 2D Alignment
Alignment of the initial tomographic tilt-series is error prone. Beam-

induced deformation may not be optimally determined using the fiducials

present and may be difficult to compensate for. The tomogrammay be opti-

mally aligned in the center, but where the field of view is large, it may be

poorly aligned toward the edges. Such distortions result in the particle pro-

jections in each tilt image not back projecting perfectly into the same vol-

ume. This effect can be seen by using the positions of aligned subtomograms

to extract their particle projections from the tilt images; in distorted images,

the particles will not appear centered in each projection. A number of

approaches have been proposed to optimize tilt-series alignment after sub-

tomogram alignment, guided by 2D alignment against the final reference

generated by subtomogram averaging.
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One method proposes iteratively reconstructing the subtomogram and

using the subtomogram to refine the translations of the tilt-image particle

projections (Zhang & Ren, 2012). In such an approach, the tilt angles are

known, making the refinement problem two-dimensional. In some cases

this may locally compensate for distortions across the tomogram and results

in higher resolution subtomograms. A similar approach for 2D alignment has

been applied to a high-resolution reconstruction approach called con-

strained single-particle tomography (CSPT; Bartesaghi, Lecumberry,

Sapiro, & Subramaniam, 2012). This procedure begins with subtomogram

averaging to determine a starting model and initial orientations. Based on

this information the particle projections, their respective angles, and their

individual defocus values in the original tilt-series are calculated. The parti-

cle projections are then CTF corrected and reconstructed into a reference

structure, which is then used for refinement of projection rotations and

translations using projection matching. The projection orientations for each

particle are constrained to each other, enforcing the knowledge that they are

views of the same particle from the same tilt-series. The new orientations are

used to refine the tilt axis and tilt angle of the tilt-series, effectively trans-

forming the particle projections into fiducial markers. The projection orien-

tations and tomographic tilts are then iteratively refined until convergence.

CSPT has been shown capable of determining subnanometer resolution

structures.

Both of these approaches depend on the ability to perform projection

matching between the particle projections in each tilt image and the sub-

tomogram average. Successful projection matching depends on the ability

to find a peak corresponding to the true orientation and translation within

CC maps. Using the alignment data and constraints determined by sub-

tomogram averaging limits the search space and increases the probability

of success. Projection matching methods may not always work when over-

lapping densities are projected into the same volume, as these densities con-

found attempts to align individual subunits. These approaches may therefore

not be applicable to many problems, such as complexes within cells, where

subtomogram averaging is required—they have so far only been successfully

applied where single-particle methods would suffice.

Performing 2D alignments of the projections of particles in the tilt-series

against the subtomogram average is possible for a single-particle sample

because in that case what we call the subtomogram central section approx-

imation is valid. The subtomogram central section approximation is the
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approximation that the Fourier transform of the part of the raw tilt image

that projects into the subtomogram is the same as the corresponding Fourier

slice of the subtomogram. For single-particle samples this is a reasonable

approximation. In most samples where subtomogram averaging is required

the approximation is poor because objects above and below the object of

interest in the direction of view contribute to the raw tilt image but have

been removed from the subtomogram by boxing this region out of the full

tomogram. Subtomogram extraction is a convolution in Fourier space that

causes information from each angled slice in the Fourier transform of the

tomogram to contribute to multiple slices in the Fourier transform of

the subtomogram. The subtomogram central section approximation is also

being used when subtomograms are generated directly from the tilt data

without reconstructing the surrounding volume, or when CTF correction

is applied to Fourier slices from the subtomogram. Caution is needed when

using single-particle samples to test subtomogram averaging methods that

make use of the subtomogram central section approximation.

Despite this caveat there are multiple samples where using a combination

of subtomogram averaging and 2D approaches is likely to be effective.

8. SOFTWARE FOR SUBTOMOGRAM AVERAGING

A number of subtomogram averaging packages are available. The dif-

ferences between packages include the programming languages they are

written in, the formats in which they handle subtomogram and alignment

data, and the parts of the overall processing workflow they perform. The

TOM and AV3 packages are written in MATLAB, and together form a

complete package for tomogram reconstruction and subtomogram averag-

ing (F€orster et al., 2005; Nickell et al., 2005). PyTOM is a similar package

implemented in Python (Hrabe et al., 2012), but with an additional user

interface and additional methods for subtomogram classification (Chen

et al., 2014; Hrabe et al., 2012), FRM (Chen et al., 2013), and INFR tomo-

gram reconstruction (Chen & F€orster, 2014). IMOD and PEET in conjunc-

tion also provide an integrated workflow for tomographic reconstruction

and subtomogram averaging (Kremer, Mastronarde, & McIntosh, 1996;

Nicastro et al., 2006). Dynamo is a subtomogram averaging package devel-

oped in MATLAB that allows for particle picking, subtomogram averaging,

and subtomogram classification (Castaño-Dı́ez et al., 2012). MLTOMO is a

ML-based subtomogram averaging workflowwritten inMATLAB (St€olken
et al., 2011). A number of single-particle reconstruction packages have been
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expanded to include subtomogram averaging workflows. EMAN has been

expanded to include subtomogram averaging methods which can be used

along with its single-particle tools (Galaz-Montoya et al., 2015). The Xmipp

package contains a number of programs for ML-based subtomogram aver-

aging (Scheres et al., 2009). ML-based subtomogram averaging has also been

implemented in the RELION package (Bharat et al., 2015).

9. CONCLUSIONS

Subtomogram averaging is a structure determination method that

uniquely allows for studying macromolecules in their native environments.

While the highest resolutions of published subtomogram averaging struc-

tures are behind those of single-particle structures, most of them have been

determined in situ, that is, the macromolecular complexes have not been

purified out of their native environments. There is no theoretical basis

restricting the attainable resolution of subtomogram averaging, and higher

resolution structures will be determined in the future.

Even without trying to perform high-resolution structure determina-

tion, subtomogram averaging can provide useful information toward solving

2D averaging problems. The 3D nature of tomographic data may make the

reference-free generation of 3D models by subtomogram averaging more

straightforward than with 2D methods. The 3D nature of tomographic data

also provides information on absolute hand absent in projection images. For

helical reconstruction, subtomogram averaging provides a way of determin-

ing helical parameters directly from the data that will be used for 3D recon-

struction. As such, subtomogram averaging should not be overlooked as

useful complementary method.

Despite recent advances in the field of cryo-EM, many technical limita-

tions still remain; this is particularly true in cryo-ET and subtomogram

averaging, which bring their own set of additional challenges. Specimen

movement, poor SNR, and challenging defocus determination and CTF

correction are inherent issues in cryo-EM; low electron dose, increased

stage movement, and specimen tilt exacerbate these problems in cryo-

ET. A problem that is particularly limiting in cryo-ET is data collection

throughput. It is time consuming to collect large numbers of high-quality

tilt-series. The higher dimensionality and subsequently increased computing

requirements, as well as the missing wedge problem, are issues that are

unavoidable, making subtomogram averaging inherently more complex

than single-particle methods.
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The cryo-EM and ET fields are making progress toward solving the

problems outlined earlier. In the future we expect that the growing user base

for subtomogram averaging will lead to further, cryo-ET specific, progress.

Recent developments in highly stable specimen supports have been shown

to provide some improvement in subtomogram averaging (Bharat et al.,

2015; Russo & Passmore, 2014). Recent developments in phase plates

have also shown substantial improvements in contrast (Danev, Buijsse,

Khoshouei, Plitzko, & Baumeister, 2014; Danev, Kanamaru, Marko, &

Nagayama, 2010; Malac, Beleggia, Kawasaki, Li, & Egerton, 2012); contrast

enhancement with phase plates may expand the range of problems that are

tractable with cryo-ET and subtomogram averaging by allowing for averag-

ing of thicker specimens and smaller molecules (Asano et al., 2015; Fukuda,

Laugks, Lučić, Baumeister, &Danev, 2015;Murata et al., 2010). Automated

microscope alignment and increasingly powerful automated tomogram

collection software will likely make high-quality cryo-ET data collection

more accessible. The continuing development of methods for automated

tilt-series alignment and tomogram reconstruction algorithms will likely

eliminate some of the current workflow bottlenecks, better preserve high-

resolution data, and improve signal to noise. With the use of current and

developing methods, subtomogram averaging will continue to advance,

providing an increasingly powerful and unique method for high-resolution

structure determination in situ.
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