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Cryo-electron tomography allows to visualize individual actin filaments and to describe the three-dimen-
sional organization of actin networks in the context of unperturbed cellular environments. For a quanti-
tative characterization of actin filament networks, the tomograms must be segmented in a reproducible
manner. Here, we describe an automated procedure for the segmentation of actin filaments, which com-
bines template matching with a new tracing algorithm. The result is a set of lines, each one representing
the central line of a filament. As demonstrated with cryo-tomograms of cellular actin networks, these line
sets can be used to characterize filament networks in terms of filament length, orientation, density, stiff-
ness (persistence length), or the occurrence of branching points.

© 2011 Elsevier Inc. All rights reserved.

1. Introduction

Electron tomography provides, in a digital format, information
about the three-dimensional density distribution within the object
under study or, more precisely, its locally varying electron scatter-
ing power. For perception of these data by the human visual sys-
tem, it is necessary to convert them into images either in the
form of a series of two-dimensional (2D) images (‘slices’) or
three-dimensional (3D) images generated by surface or volume
rendering. For some purposes this form of visualization is suffi-
cient. However, for a deeper analysis of structural features in the
complex settings of cellular landscapes, it is necessary to charac-
terize them in terms of parameters such as surface areas, volumes,
distances or angles. A quantitative analysis of this kind makes it
necessary to identify and localize the features of interest and to
separate them from the background. In other words, the tomo-
grams must be segmented.

Here we describe a novel approach for the automated segmenta-
tion of filamentous structures, in particular actin filaments. Cur-
rently, such segmentations are mostly performed manually under
visual control by drawing contour lines, sometimes supported by
drawing programs (Kremer et al., 1996; Stalling et al., 2005). Manual
segmentation, however, is slow and tedious and not as reproducible
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as a thorough quantitative or statistical analysis might require.
Although the expertise of the person executing this task may be a
valuable asset, there is an element of subjectivity that might intro-
duce some bias. Moreover, some features are easily overlooked since
they must be segmented in 2D-slices; for example an actin filament
running perpendicular to the plane of a tomographic slice is hard to
recognize. Even though the results of an automated segmentation
might not be perfect when compared with the ground truth - which
is usually unknown - it is reproducible and allows a meaningful
comparison of results from a multitude of experiments. Obviously,
the results of an automated segmentation depend on user-defined
parameter settings, but if the segmentation process is fast, many
parameter settings can be explored and an optimal setting can be
chosen, which is then applied throughout a set of experiments.
The poor signal-to-noise ratio (SNR) of electron tomograms re-
corded under low-dose conditions and the artifacts arising from
incomplete data (‘missing wedge’) make segmentation a challeng-
ing task. Existing segmentation methods as used widely in biomed-
ical imaging cannot cope with data of this kind (Al-Kofahi et al.,
2002; Huang and Stockman, 1993; Kirbas and Quek, 2004). We
have shown previously that template matching allows to identify
known macromolecular structures in tomograms of frozen-hy-
drated phantom or real cells (Bohm et al., 2000; Frangakis et al.,
2002; Ortiz et al., 2006). Subvolumes containing structures similar
to the template can then be extracted from the tomograms, aligned
and classified, and finally averaged. Template matching is usually
preceded by a ‘denoising’ step. Here, we use denoising followed
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by template matching as a first step in the segmentation proce-
dure. A generic cylinder, whose length and diameter has to be
adapted to the imaging parameters, is used as a template. The
cross-correlation involved in the template matching step provides
not only a map of cross-correlation coefficients as a measure of the
similarity between the template and the local density in the tomo-
gram, but also a map representing the best local orientation of the
cylindrical template. These two maps are then used to calculate a
similarity function that allows to evaluate the likelihood that two
neighboring voxels are connected by a filament. The second step
of the segmentation process is a new tracing algorithm scanning
all voxels for possible connection on the basis of the similarity
function. This results in an array of filaments each represented
by its central line.

The concept of using an orientation field for the segmentation of
thin structures has been reported by Sandberg and Brega (2007).
These authors applied a type of local Hough transform in order
to derive the orientation field, in contrast to our approach, which
is based on template matching. Mainly designed for the segmenta-
tion of surfaces, the former approach works only in 2D, making it
necessary to process tomography data slice by slice. The resulting
slices are still grey level images and need further processing for a
geometric representation of surfaces.

We have used our automated segmentation approach to charac-
terize actin networks in cellular tomograms. Actin polymerization
and depolymerization underlie cytoplasmic organization and cell
motility (see e.g. Pollard and Borisy, 2003; Ridley et al., 2003). Ac-
tin filament networks with different characteristics exist in distinct
cellular territories as shown schematically in Fig. 1 and there is a
need to describe them in quantitative terms. We have used the re-
sults of automated segmentations to describe properties of individ-
ual filaments (length, stiffness) and of actin networks (density,
mutual orientations). We have also addressed the issue of actin
branching, as mediated by the Arp2/3 complex (Pollard and Beltz-
ner, 2002). The very existence of such actin branching has recently
become a matter of some controversy (Higgs, 2011; Insall, 2011;
Urban et al., 2010). Clearly, the detection of genuine branchings
and their characterization cannot be based on visual inspection
of tomograms or on manual segmentation. Large data sets must
be analyzed and branching must be characterized by parameters
based on statistics — a task calling for automation.
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Fig.1. Scheme depicting the diversity of actin filament networks within a migrating
eukaryotic cell. Individual actin filaments are organized into higher order struc-
tures: In sheet-like membrane protrusions (lamellipodia), dense networks of
presumably branched actin filaments are predominant, whereas rod-like filopodia
are characterized by parallel bundles of actin filaments. Contractile actin stress
fibers represent another form within the spectrum of cellular assemblies and are
involved in force-generation and cell adhesion. These large structures can span
along the cell periphery and consist of densely packed bundles of actin filaments
with alternating polarity (Cramer et al, 1997). In order to characterize these
distinct cellular actin networks in cryo-electron tomograms, a robust automated
segmentation approach is needed. We have applied automated segmentation to the
highlighted cellular actin networks (boxes).

lamellipodium

2. Materials and methods
2.1. Preparation and vitrification of cells

Dictyostelium discoideum strain AX2-214 (wild type) cells were
prepared and vitrified as described previously (Medalia et al.,
2007). Cells were washed twice in 17 mM K/Na-phosphate buffer
(PB), pH 6.0, before they were incubated in PB and allowed to settle
on holey-carbon coated 200 mesh gold EM finder-grids (Quantifoil,
Jena, Germany and Protochips, Raleigh, NC, USA). Grids were re-
moved from culture dishes and immediately supplemented with
5 ul of protein-stabilized colloidal gold in PB. Excess PB was re-
moved by blotting from the reverse side and grids were plunge-
frozen by rapid immersion in liquid ethane (Dubochet and
Mcdowall, 1981) using a custom-built vitrification device.

Cells from rat embryo fibroblast (REF) cell line REF-52 were cul-
tured at 37 °C and 5% CO, in Dulbecco’s Modified Eagle’s Medium
(DMEM, Biological Industries, Israel) supplemented with 10% (v/
v) fetal calf serum (FCS, Biological Industries, Israel), 5 ml of L-glu-
tamine (0.2 M, Biological Industries, Israel), and 5 ml of Penicillin-
Streptomycin-Nystatin (Biological Industries, Israel). Cells were
seeded on holey carbon-coated, 200 mesh gold EM finder-grids
(Quantifoil, Jena, Germany and Protochips, Raleigh, NC, USA) and
cultured for 24 h. A 5 pl drop of protein-stabilized colloidal gold
in phosphate-buffered saline (PBS, Biological Industries, Israel)
was added to the grids before vitrification.

2.2. Cryo-electron tomography

Tilt series, typically covering an angular range from —60° to 60°
with 1.5° or 2° tilt increments, were recorded automatically (Dierk-
sen et al., 1992; Grimm et al., 1997) under low-dose conditions
using a Tecnai G2 Polara microscope (FEI, Eindhoven, The Nether-
lands) equipped with a GIF 2002 post-column energy filter and
slow-scan CCD camera with 2048 x 2048 pixels (Gatan, Pleasan-
ton, CA, USA). The electron microscope was operated at an acceler-
ating voltage of 300 kV; the pixel size in the object-plane was
0.81 nm or 0.95 nm. Images were recorded with defocus values
ranging from —8 to —12 pm. The projection images were aligned
using fiducial markers and/or cross-correlation procedures and
reconstructed by a weighted back-projection algorithm as imple-
mented in the EM and TOM software packages (Hegerl, 1996;
Nickell et al., 2005). Manual and automated segmentations were
performed using the Amira software (Stalling et al., 2005).

2.3. Denoising of tomograms

Careful noise reduction is indispensable prior to any segmenta-
tion of cryo-electron tomograms (Frangakis and Hegerl, 2001; Sto-
schek et al., 1997). All tomograms were subjected to the non-local
means filter using a recently described implementation (Buades
et al., 2005). This image filter makes use of self-similarity of struc-
tures by amplifying frequently occurring signals. Since short seg-
ments of a rather straight line are similar to each other, the filter
is well suited for the denoising of tomograms containing actin fil-
aments. We implemented the windowed version of this filter as
proposed by Buades (Buades, 2006) on a CUDA-capable device.

2.4. Choice of the cylindrical template

The shape of the cylindrical template needs to fit locally the ac-
tin filaments. The width of the cylinder is therefore fixed by the
diameter of actin filaments, which is approximately 7 nm. The
length of the template is, however, more critical. Noise and incom-
plete information constrain the length. If the template is too short,
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it reacts to all fluctuations, resulting in arbitrary orientations. On
the other hand, if the template is too long, it could miss small-scale
features. Empirically, a template length of six times the width of an
actin filament, i.e. 42 nm, turned out to be a good compromise and
to yield satisfactory results. Smaller template lengths can be used,
but the reliability of the extracted filaments becomes strongly
dependent on the quality of the tomogram.

3. The segmentation approach
3.1. Template matching

Seen at a resolution of a few nanometers, an actin filament can
be modeled as a rather stiff cable composed of monomeric cylin-
ders that are concatenated end by end. It is reasonable to use such
a model for template matching: The whole tomogram is traversed
and a cylinder of appropriate length and diameter is locally fitted
to the data, thereby determining for each voxel the orientation in
which the cylinder is most similar to the image. An example of
the cylindrical template is shown in the Supplemental video. The
measure of similarity used is the local cross correlation, normal-
ized to values from —1 to +1 and corrected for distortions caused
by the missing wedge (B6hm et al., 2000). A formulation of this lo-
cal cross correlation function that allows for a fast computation has
been described (Roseman, 2003) and serves as the basis of our
algorithm. Voxels with high cross-correlation coefficients should
appear as connected regions along the trace of a filament. In prac-
tice, however, these regions are disrupted due to imaging imper-
fections, such as noise. Intuitively, one would assume that voxels
that are close to each other belong to the same filament if both
have a high cross correlation and the matched cylinders are simi-
larly oriented. This assumption is the basis for the next step of
the segmentation procedure: the tracing algorithm.

3.2. The tracing algorithm

As illustrated in Fig. 2A, template matching yields two maps:
first, the map of the highest local cross correlation, in which

negative values are set to zero, and positive values are interpreted
as the likelihood that a filament passes through the voxel. The sec-
ond map, denoted the orientation field, assigns a vector to each
voxel that indicates the template orientation for the highest local
cross correlation. From the data of these two maps, a similarity
function is calculated that evaluates the likelihood that two neigh-
boring voxels belong to the same filament. The definition of this
similarity function follows an idea of Fischer and Buhmann
(2003). Assuming that the voxel at position X, belongs to a fila-
ment, the likelihood for a voxel at X to be part of the same filament
is defined as:

S(x, Xo) = CC(x) C(X, Xo) L(X, Xo0) D(X, Xo) (1)

CC(x) denotes the non-negative value of the local cross correlation
coefficient, which is weighted by functions C, L and D, called as
co-circularity, linearity, and distance, respectively:

. 2
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These functions are calculated from two angles (xo) and y(x), from
the difference vector Xx—Xo, and from three user-defined parameters
o¢ or and op. As illustrated in Fig. 2B, f(Xo) and y(x) denote the an-
gles between the vector x—xXo and the template orientation at Xy and
X. The angles are calculated from the orientation field. The cocircu-
larity condition C evaluates the smoothness of the filament: a small
deviation between two consecutive orientations increases the like-
lihood, while a kink reduces it. The user can favor smoother lines by
choosing a small parameter g Since equally sized B(xo) and y(x)
are consistent with a smooth but strongly bent line, a further con-
dition is needed which evaluates the deviation from a straight line.
The linearity function L favors straight lines by small values of p(xo)
and y(x) and a small parameter o;. The distance function D restricts
the tracing process to favor voxels X near to the current base point

Cryo-Electron
Tomography

3D Volume

Denoised 3D Volume

Non-Local Means Filtering

Cylinder Template Matching

Analysis

| Orientation Field |
Correlation Field

Actin Network

Tracing Algorithm

Fig.2. Automated segmentation workflow and algorithm principle: (A) Workflow for automated segmentation of actin networks from cryo-electron tomograms comprising
denoising, template matching and tracing steps (black rectangles: computing steps; white rectangles: input/output). (B) The search window of the tracer is described as a
cone with direction d, opening angle o and height h. For each point inside the cone, the angles B and y between the connection vector and the orientations are computed.
These angles and the distance of a point to the cone base point Xx—X, is the basis for the likelihood measure. (C) For this point, the process is repeated until the likeliness-

weight of the point drops under a user defined threshold.
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Xo, Since a line extension is more likely in the close neighborhood.
The user can enforce this condition by selecting a small value for op.

The overall tracing process works as follows. The local cross cor-
relation values are sorted in descending order and the voxel Xxq
with the highest correlation value is chosen. Then, the tracing pro-
cess starts in forward and backward direction given by the orienta-
tion map at position Xo. The tracer continues the line at point x
with the highest similarity value S(x, X,) in the search cone. This
is repeated until no further point is found for which S(x, X¢) is
above a pre-defined threshold t;. Note that the parameter t;
restricts the voxels in the search cone that need to be
considered. The size of the search cone and its opening angle are
determined by the inequalities D(X, Xo) > t; and L(X, Xg) > t;. Given
the inequality:

2
—|Ix — X
D(x, Xo) = exp <|020|

D

) = S(X, Xo) > 1, 3)

the cone height h is given by the maximum over all points x in the
search cone, namely:

h* < —a}log(t). 4)

A similar calculation and setting =%,y =0 in L(X, Xo) yields the
opening angle o:

o? < —4a?log(ty). (5)

After the tracing of a line has terminated, a binary mask represent-
ing the volume of the traced actin filament is updated, and the trac-
ing process continues with the point in the correlation map that has
the second highest correlation value and so forth. The overall trac-
ing procedure ends when the next potential starting voxel has a cor-
relation value below a pre-defined threshold t,.

4. Results
4.1. Demonstration of the method

Fig. 3 shows the result of a segmentation applied to a tomogram
of a peripheral region of a D. discoideum cell. A slice through the
tomogram is shown in Fig. 3A and B; Fig. 3A is the original recon-
struction and Fig. 3B the same after noise reduction using the non-
local means filter. A dense network of filamentous structures and
some interspersed macromolecular complexes are clearly visible.
Fig. 3C and D show the results of the template matching step.
Fig. 3C is a slice through the map of cross correlation coefficients
and Fig. 3D is the corresponding orientation field scaled by the cor-
relation map. The two maps together serve as input for the calcu-
lation of the similarity function and for the tracing algorithm. The
final result, a 3D network of lines, is presented in Fig. 3E as a stereo
pair of images. Technically, the final output for each line is a se-
quence of points that, when connected by straight lines, approxi-
mate the central line of an actin filament. A discussion
concerning the reliability of such central lines will be given below.

4.2. Filament lengths and orientations

Notwithstanding the trustworthiness of automated segmenta-
tion in all its details, a statistical analysis of the central lines can
be used to reveal and describe differences in the organization of ac-
tin filaments. As demonstrated in Fig. 4, three tomograms taken
from different regions of D. discoideum and fibroblast cells were
used: Following the scheme shown in Fig. 1, one was extracted
from an area exhibiting membrane protrusions (Fig. 4A), one from
a stress fiber bundle (Fig. 4B), and another one from a filopodium
(Fig. 4C). Differences in filament lengths and orientations are
clearly visible. Using the start and the end point of the central line

of each filament, histograms of lengths and orientations can be cal-
culated. Fig. 4 summarizes the results of such a quantitative anal-
ysis for each specific type of actin network. According to the graphs
in the second row of Fig. 4, the lengths within a stress fiber are the
longest with a mean length of 320 nm, which is about twice the
length of filaments in the membrane protrusion region (168 nm),
and almost three times that of filaments in the filopodium tomo-
gram (114 nm). It should be noted that absolute numbers might
underestimate the true length because many image imperfections
can cause interruptions of the traced filaments. The measured dif-
ferences, however, are very likely to reflect genuine differences.

A pair of angles (¢, 0) is used to describe the orientation of each
filament: @ is the angle between the filament projected onto the
specimen plane (X,Y-plane) and the tilt axis (Y-axis) and will be
counted anti-clockwise starting with zero for filaments parallel
to the Y-axis up to 180° for anti-parallel filaments. 0 is the angle
between a filament and the Z-axis with a value of zero for fila-
ments perpendicular to the Z-axis. The last row of Fig. 4 shows
scatter plots in an (¢, 0)-plane where each dot represents the ori-
entation of a filament. In the case of the stress fiber, the large
majority of orientations is confined to a small range around the
mean of 116° for ¢, as expected from the visual impression of
Fig. 4B. Filaments from the filopodium and membrane protrusion
tomograms have orientations more widely distributed over the
(@,0)-plane. The standard deviations for ¢, are 10°, 33°, and 46°
for stress fiber, membrane protrusion, and filopodium, respec-
tively. There is an obvious gap in ¢ around 90° corresponding to
orientations perpendicular to the tilt axis. This is due to the miss-
ing wedge problem: the Fourier transform of a filament is a disc,
which disappears for such orientations completely in the data
space not accessible by the tomography measurement. Corre-
sponding to the geometry in Fourier space, filaments more tilted
with respect to the specimen plane (i.e. ) >30° or 6 < —30°) are vis-
ible even for ¢ =90°.

The central lines can also be used to estimate the volume occu-
pied by the filaments. Assuming a diameter of 7 nm for actin, the
length of a central line expressed in nm has to be multiplied with
38.5 nm? in order to obtain the volume of an individual filament.
The density of the filament distribution is conveniently expressed
as the percentage of volume occupied by filamentous actin within
the tomogram. The values are 1.43%, 2.44%, and 2.67% for the stress
fiber, protrusion, and filopodium tomograms, respectively. These
values may appear to be small, especially for the stress fiber data-
set. However, one has to consider that the actin volume is related
to the entire, manually segmented cell volume visible in the 3D
reconstruction. The concentration of actin in the cell varies consid-
erably and is far from being uniformly distributed. For instance, in
the case of the stress fiber, a value of 10.23% is obtained when the
estimation is done for a smaller sub-volume with higher actin con-
centration (see boxed region in Fig. 4B). An analysis between the
finger-like filopodium (see boxed region in Fig. 4C) and the remain-
der of filaments within the tomogram yields approximately the
same mean lengths, while the density of filaments is slightly high-
er, with a value of 4.89%, when considering exclusively the filopo-
dium structure.

4.3. Persistence length

A further parameter characterizing the physical properties of
filaments is their persistence length. In order to estimate its mag-
nitude, the change of orientation along a filament must be deter-
mined as a function of the filament length. Since the central line
is composed of connected straight segments, the cosine of the an-
gle 0 between the 1st and the nth segment is related to >} , 4, the
length of the central line from segment 1 to n, where ¢; denotes the
length of segment i. Averaging over many lines, a functional
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Fig.3. Automated segmentation of actin filaments from a cryo-electron tomogram: (A) Raw data slice from a cryo-electron tomogram showing actin filaments. (B)
Corresponding slice after denoising with the non-local means algorithm. Correlation field (C) and orientation field (D) computed by cylinder template matching, containing
the most likely orientation of the line structures at each point. For better visibility, the line segments representing the orientations are scaled by the local correlation
coefficient. A tracing algorithm uses these two fields to estimate the most probable continuation using a likelihood measure resulting in a set of extracted actin filaments. (E)
Stereo pairs of the extracted actin filaments from the corresponding three-dimensional volume (color coding according to the color scale shown in Fig. 4A). Scale bars: (A-D)

100 nm.

relationship between the expected value (cos 0) and the length ¢ is
obtained. Fitting the equation

(cos0) =e s (6)

yields the persistence length ¢p. In fact, the segmentation process already
does the calculation of tangents along the filaments. The resulting values
for ¢p are different for stress fiber, protrusion, and filopodium, namely:
3.7 um, 2.9 um, and 2.4 pm (see Supplemental Fig. 1). These numbers
are smaller than the values found in other measurements (9-21 um)
(Gittes et al,, 1993; Isambert et al., 1995; Ott et al., 1993). However, those
data were obtained with reconstituted actin filaments in vitro, while our
dataresult from measurements within intact cells. The crowded envi-
ronment inside cells is not unlikely to have an influence on parame-
ters such as the persistence length (see e.g. Ellis, 2001).

4.4. Search for branching points

Visual detection of branching points is difficult and requires real
3D inspection of the data (see Urban et al., 2010). Our segmenta-
tion approach, however, delivers a set of central lines immediately
ready for further automated analysis. On the basis of automated
segmentation, it is straightforward to analyze the set of central
lines with respect to positions where the distance between two fil-
aments is small enough for the occurrence of a branching point. By
this means, similar to the analysis of macromolecular complexes,
small sub-tomograms can be extracted, aligned, and sorted into
classes representing candidates for branching. Most of those con-
tact points are just filaments in close proximity to each other
and must be sorted out. Careful classification, however, should also
find contact points, representing genuine branching points.
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Fig.4. Statistical evaluation of three distinct cellular actin networks (boxed regions from Fig. 1). Extracted actin filaments from cryo-electron tomograms (tilt axis corresponds
to the Y-axis) are color-coded according to their angular distribution (color coding (¢) from purple (0°) to red (180°) counterclockwise). Scatter plots are color-coded
accordingly. The angle 6 shows the angular deviation from the Z-axis, while ¢ represents the (X,Y)-direction. The histograms show the absolute (black bars) and relative (red
bars) length distribution of the extracted filaments. (A) Protrusive membrane region from a D. discoideum cell exhibiting a dense network of actin filaments in various
orientations. Within the interspersed actin network, a dense bundle of actin filaments can be seen at 65° [¢] pointing to the cell membrane. (B) Part of a stress fiber within a
migrating REF-52 cell. Here individual actin filaments are densely bundled into a higher order structure with a predominant orientation around 120° [¢]. (C) Filopodium from
a D. discoideum cell emerging from a region of the cell membrane where most of the actin filaments are oriented parallel to the membrane. The filaments comprising the
finger-like Filopodium have an orientation around 170° [¢]. Scale bars: (A-C) 400 nm. Tilt axis = Y-axis. Dimensions of box in (B): X = 225 nm, Y = 225 nm, Z = 135 nm and (C):

X=400nm, Y=550nm, Z=170 nm.

Contact points can simply be detected by searching for neigh-
boring lines within a certain distance around the ends of each cen-
tral line. For real branching points, however, the lines should be
connected. For the subsequent classification, it is useful to reduce
the number of contact points by selecting only those where a path
can be found which connects the line end and the neighboring line
with nearly constant density values. In order to find such a path,
the tomogram voxels around each line end are considered as nodes
of a graph and the corresponding density values are used to assign
weights to the edges, which connect the nodes. Using Dijkstra’s
algorithm (Cormen et al., 1990), the shortest path is determined,
which is the path with lowest costs with respect to the edge
weights, or in other words, the path with minimum variation of
density values (see Supplemental Fig. 2). Contact points with path
costs above 0.1 are discarded.

Due to a possible failure of the segmentation procedure at a
branching point, it is important to use the original tomogram data
for this path search algorithm. Failures can result from the fact that
the structure of two filaments constituting a branching point has a
shape similar to a T or Y. Consequently, the cylinder-shaped

template yields lower correlation values at branching points. It
may happen that the tracing algorithm detects a gap between
two lines although there is a real connection in the tomogram.
The path search corrects for the possible failure of the segmenta-
tion at a branching point.

Given the set of contact points, small sub-tomograms with a
size of 64 x 64 x 64 voxels are extracted from the original tomo-
gram, each centered on one of those putative contact points. Addi-
tionally, volumes of equal size are created in order to hold the
corresponding masks, covering the central lines for each contact
point. The weight of the masks is equal to 1 on the central line
and falls off in a Gaussian manner perpendicular to the direction
of the central line. The masks are used to segment the filamentous
structures in the sub-tomogram; by doing so, sharp edges are
avoided. Since we are primarily interested in the geometric
arrangement of the filaments, the masks are also used as input
for alignment and classification instead of using the sub-tomo-
grams, which are contaminated by noise. Assuming that the cen-
tering of contact points is accurate enough, the alignment of the
masks can be confined to a rotational alignment aiming at common



A. Rigort et al./Journal of Structural Biology 177 (2012) 135-144 141

6 7 8

9

Fig.5. Analysis of contact points between individual actin filaments from the dataset of automatically extracted actin filaments shown in Fig. 4A. Potential contact points are
identified by investigating the start- and endpoints of each filament with respect to their local neighborhoods. The assessment is based on the grey-value densities of the
cryo-electron tomogram and results in a set of candidate points, which are clustered according to their branching angle. (A) Example for a class of identified contact points
within the actin network from the cryo-electron tomogram from Fig. 4A. (B-D) Individual candidate points from the selected class show different orientations with respect to
the three-dimensional volume. (E) Gallery view of the aligned contact points from the corresponding class. (F) Image showing the class average represented as an overlay of
individual colored contact points. Scale bars: (B-D) 100 nm. (F) 25 nm. Dimensions of box in (A): X =1800 nm, Y = 1500 nm, Z = 350 nm.

orientations of all masks. Finally, the aligned masks are subjected
to classification using principal component analysis and hierarchi-
cal descending k-means clustering.

In the example shown in Fig. 5, 586 contact points were ex-
tracted from the tomogram shown in Fig. 4A and subjected to
the above described classification procedure. Subdividing the
whole set into 12 classes, 6 classes with all together 461 points
show only a straight line. These classes result from contact points
where two lines meet each other end by end with roughly the

same orientation. Many of them are probably only filaments with
a gap at the position detected as a contact point. Two classes with
71 elements show a junction with an angle of less than 20 degrees.
Four classes with 54 elements most likely contain genuine branch-
ing points with branching angles ranging from 30° to 70°. Class
averages of the real structures are easily obtained by transferring
alignment parameters from the masks to the corresponding
sub-tomograms. The gallery in Fig. 5 shows the average and the
9 members of a class showing features regarded as characteristic
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for branching points. According to our analysis branched actin fil-
aments exist. However, in the region under scrutiny (see Fig. 5)
they are not abundant and the branching angles can deviate signif-
icantly from the (common) 70 degree. To reach more definite con-
clusions multiple datasets of protrusive regions of distinct cell
types need to be analyzed.

5. Discussion
5.1. Reliability of automated filament segmentation

An assessment of the automated segmentation is problematic,
since the true arrangement of actin filaments is unknown in the
case of real data. As usual, a comparison of manual and automated
segmentations gives an impression of how reliable the automated
method is. Fig. 6 shows four segmentations of a sub-frame of the
membrane protrusion tomogram displayed in Fig. 4A. One
(Fig. 6D) is the result of the automated approach and the others
(Fig. 6A-C) were obtained by manual segmentation performed by
three different experts. Comparison by visual inspection reveals
many common features between the experts, but also differences.
The experts sometimes miss some filaments or interpret the tomo-
gram densities differently. In order to evaluate the automated seg-
mentation, a reference set of lines is obtained as a union of all
expert results. Lines describing the same filament are considered
a single line. Comparing the experts’ segmentations to this refer-
ence delivers a correspondence between 65% and 81%. The auto-
mated extraction found 60% of this merged reference set while
21% of the automatically found filaments were not present in the
reference. A manual visual inspection of the missing 21% showed,
however, that most of these were not false positives but indeed ac-
tin filaments missed by the experts because they were not located
in the (X,Y)-plane. It is worth mentioning that the angular distribu-
tion of the filaments found by expert 3 shows more lines with
higher values of the 6 angle, that is with higher inclination to the
specimen plane. This is in good agreement with the distribution
resulting from the automated approach. There is a clear reason
for this effect: Experts 1 and 2 did the manual line tracing only
with slices parallel to the specimen plane, while expert 3 per-
formed time consuming additional tracings in oblique slices.

The results obtained so far may be summarized as follows:
regarding the reliability of an individual line representing a filament,
it appears that the automated approach is not better or worse than
the manual tracing performed by experts. However, the automated
approach is superior with respect to statistical properties derived
from an ensemble of lines since it is perfectly reproducible.

5.2. Influence of parameter setting on segmentation

There are two parameters in the tracing process that signifi-
cantly influence the segmentation results. The parameter t; affects
the length of filaments. The tracing of a single filament continues
as long as the similarity of the last line point is greater than t;.
Therefore, the smaller this threshold is chosen, the longer the lines
are. The parameter t, affects the total number of extracted lines.
The tracing procedure follows the correlation map in sorted
descending order. As a result, the tracing starts always at the peak
of cross correlation values. The parameter t, is the lower bound of
cross correlation values. The smaller this parameter is chosen, the
more lines are traced. Both parameters t; and t, depend on the
quality of the tomogram and need to be adapted to experimental
conditions. The parameters o, g; and op depend on the structure
that is to be extracted. Those parameters must be adjusted once to
the desired structure and can be kept throughout a series of exper-
iments. Empirically and by visual assessment, we have chosen for

actin filaments the following configuration: ¢¢=0.057, o, = 0.37
and op =40 nm.

Varying these parameters allows to study their impact on the
segmentation result as represented by statistical entities like the
number of filaments or their mean length. Typically, lowering the
linearity o, the most sensitive parameter, leads to more filaments
with a shorter mean length: when reducing this parameter by 20
(40)% in the case of the filopodium tomogram, the number of fila-
ments increases from 1507 to 1572 (1654) and their mean length
decreases from 115 nm to 105 (92) nm. This variation is smaller
in relation to that resulting from manual segmentation by experts,
where in the case of the membrane protrusion subtomogram (see
Fig. 6), the number of filaments varies between 134 and 156 and
the mean length between 93 nm and 135 nm. At least for the stud-
ied range, the influence of parameter variation on the angular sta-
tistics is negligible.

5.3. Influence of the missing wedge

The inability to tilt above 70° in all available electron micro-
scopes leads to a wedge-shaped area that is unsampled in Fourier
space, referred to as the ‘missing wedge’. Due to this incomplete
coverage, resolution in real-space becomes anisotropic, resulting
in elongation and partial loss of structural features. As a conse-
quence, some actin filament orientations might be missing (e.g. fil-
aments perpendicular to the tilt axis, see scatterplots in Fig. 4). In
that case, although technically challenging, dual-axis tomography
(Penczek et al., 1995) can be used to minimize these artifacts and
to fill in some of the missing data by recording a second tilt series
after a 90° in-plane rotation of the specimen (Nickell et al., 2003;
Rouiller et al., 2008).

It is worth mentioning that our approach also compensates for
another drawback of the missing wedge: typically, filaments are
elongated in Z-direction. This is taken into account in the template
matching step by an appropriate modification of the template. The
subsequent tracing procedure benefits from the fact that the cor-
rected template yields higher correlation values towards the fila-
ments center. As a consequence, filaments are finally defined by
central lines, which should not depend on deformations caused
by the missing wedge.

5.4. Concluding remarks

The automated segmentation approach may not be better or
worse than a manual one performed by expert users, but it
undoubtedly allows the analysis of large data sets, enabling a sta-
tistically sound assessment of the properties of filamentous net-
works. Semi-automated approaches like JUST (Salvi et al., 2008)
may yield reproducible results but still require manual interaction
and further processing in order to obtain geometric data on indi-
vidual filaments. Reproducible results can be obtained much faster
with the automated technique than with user-dependent manual
segmentation, which typically takes days and is difficult to repro-
duce by others. Our segmentation approach reduces the time
needed to analyze a tomographic volume (i.e. typically with a size
of 1024x1024x512 voxels) to less than a day. Apart from actin fil-
aments, the template can be also altered to detect the two other
major types of cytoskeletal filaments, i.e. intermediate filaments
(IF) and microtubules (MT). For IF it is sufficient to increase the
diameter of the cylindrical template in such a way that it corre-
sponds to the filaments’ width (10-12 nm). In case of MT, a hollow
cylindrical template is selected and adjusted to the diameter of the
filaments (25 nm). In case all three cytoskeletal filaments are pres-
ent within a tomographic dataset, the tracing approach is per-
formed in a sequential manner first for MT, then for IF and
finally for actin filaments. Filamentous structures that have been
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Fig.6. Evaluation of manual and automated segmentation: (A-D) Respective results obtained from the segmentation of a selected sub-region from the tomogram displayed in
Fig. 4A. (A-C) Shows the results obtained by manual segmentation performed by three independent expert users. (D) Displays the result of the automated approach. The
corresponding scatter plots (color coding and angular convention according to Fig. 4) show lower values of the 0 angle for experts 1 and 2 (A and B) compared to the
automated segmentation result. In case of expert 3 (C), additional tracings in inclined slices are performed, thus leading to higher values of the ¢ angle at the expense of a
higher time consumption. Scale bars: (A-D) 200 nm.
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identified in the previous steps are excluded from the subsequent
tracing steps.

Technical aspects

The automated segmentation approach described here has been
implemented in the data analysis and visualization framework
Amira (Stalling et al., 2005), commercially distributed by Visage
Imaging, Berlin, Germany. Compiled binary versions (for Windows,
Mac OS X and Linux) of the actin segmentation package will be
made available for testing purposes to end-users via the Zuse Insti-
tute Berlin upon electronic registration under http://www.zib.de/
en/visual/software/CryoEM.html.
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