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Lamellipodia of Motile Cells

G. Danuser*" and R. Oldenbourg®

*Department of Materials, ETH Zurich, Schlieren, Switzerland, and tMarine Biological Laboratory,
Woods Hole, Massachusettes 02543 USA

ABSTRACT We examined the dynamics of radial actin bundles based on time-lapse movies of polarized light images of
living neuronal growth cones. Using a highly sensitive computer vision algorithm for tracking, we analyzed the small shape
fluctuations of radial actin bundles that otherwise remained stationary in their positions in the growth cone lamellipodium.
Using the tracking software, we selected target points on radial bundles and measured both the local bundle orientations and
the lateral displacements between consecutive movie frames. We found that the local orientation and the lateral displacement
of a target point are correlated. The correlation can be explained using a simple geometric relationship between the lateral
travel of tilted actin bundles and the retrograde flow of f-actin structures. Once this relationship has been established, we have
turned the table and used the radial bundles as probes to measure the velocity field of f-actin flow. We have generated a
detailed map of the complex retrograde flow pattern throughout the lamellipodium. Such two-dimensional flow maps will give
new insights into the mechanisms responsible for f-actin-mediated cell motility and growth.

INTRODUCTION

When living cells are observed at high spatial resolution anderies of articles that report the study of the birefringent fine
in short time intervals, the motion of cell components isstructure of growth cones located at the tip of growing
often dominated by seemingly random positional fluctua-Aplysia bag cell neurons. Using a new type of polarized
tions. What looks like disturbing thermal noise at first sight jight microscope (the “Pol-Scope,” (Oldenbourg and Mei,
is in fact a bearer of valuable information about the dynamic1995; Oldenbourg, 1996)), we recorded birefringence maps
properties of the cell interior. In cell biological studies, and assembled them into time-lapse movies that docu-
fluctuation analysis was mainly applied to in vitro systemsmented the creation and dynamic behavior of filopodia at
at the level of single molecules and molecular assembliegpe |eading edge and of radial actin bundles in the lamelli-
For instance, fluctuation analysis has shed light on th&,,qium of neuronal growth cones (Katoh et al., 1999b). By
mechanical properties of stiff, long, biopolymers, such as,,y7ing the time-lapse movies we found a close relation-
microtubules and actin f|_Iaments (Gittes et al., 1993), and Or%hip between the behavior of filopodia and the arrangement
f[he mo_lecular mechamsm_s of mechzi_qoenzyme-substrabt? actin bundles in the whole lamellipodium (Katoh et al.,
interactions such as myosin-actin (Ishijima et al, 1991)’1999a). We further established that the lateral motion of

kinesin-microtubule (Gelles et al., 1988; Svoboda et al.,. . : .
) tilted actin bundles and filopodia that move across the
1993), and RNA polymerase-DNA (Yin et al., 1994). In ) L
ﬁ{ovvth cone is the result of retrograde flow of actin fila-

each of these studies, the essential insight was gained fro . .
measuring and analyzing the positional dynamics of Sma“‘nents. a”‘?' their assembly near the 'ead'”g edge Of_ the
objects, mainly markers in the form of beads, under théamelllpodlum (O'de”bourg etal, 2099)' Th's COﬂC|L.JSIOI’1
microscope. was bas:ed on_the gxpenmental verification of a simple
A quantitative analysis of structural fluctuations inside 980metric relationship among the speed of lateral move-
living cells, however, has not yet been attempted. The maifent, speed of retrograde flow, and the tilt angle between
obstacle arising with in vivo studies is the complexity of thethe bundle axis and direction of retrograde flow. In the
cell architecture. The use of distinct markers is often im-present paper we use the same geometric relationship to
possible and direct measurements on the target structur@galyze the swaying motion of stable radial actin bundles in
require sophisticated image analysis tools that are not supghe lamellipodium.
ported by standard image processing packages. The swaying motion of radial actin bundles in the neu-
In this paper we describe a framework using fluctuationronal growth cone is characterized by lateral displacements
analysis for observations inside a living cell. We continue aof the bundles and by small changes in their orientation
(Fig. 1). We quantified the fluctuations in both position and
orientation using a recently developed computer vision
Received for publication 19 July 1999 and in final form 30 March 2000. framework capable of measuring object displacements that
Address reprint requests to Dr. Gaudenz Danuser, Laboratory for Biomeg e -1 /70 of the classical resolution limit of the microscope
chanics, ETH Zurich, Wagistrasse 4, CH-8952 Schlieren, Switzerland. e .
Tel.: 41-1-633-6214; Fax: 41-1-633-1124; E-mail: danuser@biomech.matD@nuser et al., 2000). No artificial markers were necessary
ethz.ch. to track the bundles inside the living cell. The tracker is
© 2000 by the Biophysical Society designed to follow the position and orientation of an arbi-
0006-3495/00/07/191/11  $2.00 trary linear structure and is optimized for the weak signal-
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FIGURE 1 Positional fluctuations of radial actin bundle&) Birefringence image of a portion of the lamellipodium of a neuronal growth cone. The
birefringence of radial actin bundles is due to the alignment of 10 to 40 actin filaments (Katoh et al., 1999b). The random meshwork of actin filaments
located between the bundles is nearly isotropic and is, therefore, invisible in birefringence imaging. The existence of such a meshwork hatbheden desc
in detail by structural studies using fluorescence labeling or electron micros@)pgin@arized birefringence signal and montage of a double exposure at

two time points 50 s apart. Binarization is accomplished by thresholding the original signal. The black signal represents the thresholdedhtbirefring
structures at time point 1, the light gray signal those at time point 2. Notice that the bundle lengths, the positions of the associated filopedienanal t

axis orientations do not significantly change over this period. Yet, there are shape variations that cause local displacements of the buddielperpen

to their axes. Arrows point to positions where the displacements are clearly recognizable.

to-noise ratio generally encountered in high-resolution, nonwhich is obtained from tracking a few distinct markers.
fluorescent light microscopy. Also, the techniques do not locally probe the flow field.
Our statistical analysis revealed that the lateral displaceThey rely on an evaluation of the marker movement along
ment and the orientation of a bundle are correlated witha trajectory of certain length. Spatial flow-field variation
each other. The observed correlation can be explained oover distances shorter than the observed trajectory length
the basis of the same geometric model that was introduceare masked. The recently discovered technique of speckled
in Oldenbourg et al. (2000) to explain the coupling betweerfluorescent labeling of polymer assemblies can, in principle,
the lateral motion of tilted bundles and retrograde flow ofremedy both drawbacks (Waterman et al., 1998). Yet, the
f-actin-based structures. We show that the correlation can beomplexity of the speckle signal has hitherto precluded a
used to estimate the direction and speed of retrograde flowobust analysis of the flow-field dynamics.
at any location along a radial bundle. Therefore, the radial Because of the high density of our flow-field representa-
actin bundles can be considered probes for mapping out th#@n and the truly local probing, we were able to analyze the
direction and speed of the retrograde flow field throughoutretrograde flow in more detail. We divided the measured
the lamellipodium. flow field into two superimposed movement components: a
This technique allowed us to determine the retrogradeentripedal flow perpendicular to the mean hemispherical
flow of filamentous actin with unprecedented resolution andshape of the leading edge, and a second field exhibiting
precision. Rearward actin flow has been observed by manipcal variations in flow velocity. The speed of the first field
other researchers, mostly based on fluorescence microscompsas assumed to be constant throughout the lamellipodium,
(Small et al., 1999). To recognize the flow, fiduciary mark- while the velocity of the second field could vary in direction
ers were introduced to highlight portions of the actin mesh-and speed. We conclude that there is significant transport of
work. For example, markers were generated by spot photd-actin along trajectories that deviate from the global pole-
bleaching (Wang, 1985), activation of caged fluorescencevard flow direction. Also, the speed of retrograde flow
(Theriot and Mitchison, 1991) or in the form of membrane-appears to vary significantly over the whole lamellipodium.
bound beads that coupled to the intracellular actin mesh¥his finding gives an entirely new view of the properties of
work (Lin and Forscher, 1995). The disadvantage of thesactin flow. The biomechanical interpretation of this result
techniques is the very sparse flow-field representationwill be subject of future research, while the present paper
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focuses on fluctuation analysis as the key to probing theoordinate system, as customary in image processing. Consider a target
meshwork dynamics. point on a radial actin bundle. The target point coordinates at tiare
given by the vectox(t). The local orientation of the bundle axis at this
position and time point is represented by the angl®) between the
MATERIALS AND METHODS horizontal image axis and the direction tangential to the bundle. One time
step later the target point is localizedxdt + 1). The stretch between the
The materials and methods regarding &mysiabag cell cultures and the  locationsx(t) andx(t + 1) is locally perpendicular to the bundle axis at
imaging of individual growth cones using a new type of polarized light timet. Therefore, we term it the lateral displacemégfe = | x(t + 1) —
microscope are described in Oldenbourg et al. (2000) and in a previoug(t)\. We constrain the tracking to displacements perpendicular to the axis
article (Katoh et al., 1999b). because the motion component parallel to the axis is not observable unless
the target point is represented by a fiduciary marker. Over the same time
period the orientation of the bundle axis changediyy= ¢(t + 1) — ¢(t).
Fluctuation analysis with computer vision Also in Fig. 2 the principle of tracking is sketched. Consider a sé of
samples) = {S,,...,S ..., S} which forms the image of the tracked
We have analyzed the swaying motion of radial actin bundles using ambundle segment around the target point. Tracking a whole segment is
in-house developed tracking package (the package builds on MATLABnecessary because the orientation of a line image cannot be measured truly
5.2, Mathworks Inc., as a basis and integrates C routines for computationpcally. The length of the segment must be kept short such that bending
ally expensive tasks) (Danuser et al., 2000). The tracker achieves thgnly minimally affects the measurement. At timthe samples is located
sub-pixel sensitivity that is required for the analysis of the minute fluctu- g¢ xS(t) and takes a brightness valug(t). As the segment image moves,
ations in bundle position and orientation. It measures simultaneouslyyne time step later the sample is located¥t + 1) and takes a brightness
positional and orientational variations in any target point along the bundleyajye | S(t + 1). The brightness variations mainly originate from changes
The average precision in shift and rotation measurements, and thus thg pundle composition (Oldenbourg et al., 1998) and from bundle move-

minimum displacement and orientation change that are significantly quanments in z-direction. Both positional and brightness variations of the
tifiable, amounts to 0.09 pixel in image space and 0.5°, respectively. Thesgample are described by parametric models:

values were obtained by converting the signal-to-noise ratio of bundle

images into a geometric tracking uncertainty. In the analyzed Pol-Scope xs(t) —>x5'(t +1): xs(t + 1) = g(xs(t), §G) 1)

images 1 pixel corresponds to 115 nm in object space. Thus, the minimal

displacement of a bundle discernible with the tracker measufésnm. 15(t) = 15t + 1) : dIS =15t + 1) — I15(t) = f(15(t), &)
Fig. 2 depicts the essential parameters involved in the tracking of bundle 2

fluctuations. All the geometric developments are made in a left-handed
Equation 1 describes the transformation of the sample coordinates as a
function g(x3(t), £©) subject to ageometricparameter vectot©. The
parameter vector includes the above-mentioned lateral displacegnt
and rotationd¢. In addition, we need to take into account that the bundle
can fluctuate in Z-direction. This causes blur variations in the bundle image
that are modeled with a linear scaling paramgteEquation 2 denotes the
change in sample brightnes3(t) as a functiorf(1S(t), £€7) subject to the
brightnesdS(t) itself and a vectoé® of photometrigoarameters. It consists
of two parameters, one for contrast and one for additive brightness
changes.

We assume that the coordinate transformation of the target point obeys
the same parametric model as the transformations of the surrounding image
samples, thus

v

X(t) = x(t + 1) : x(t + 1) = g(x(1), £°).

Consequently, target point tracking essentially means finding an estimate
for the geometric transformation parametéfs which then allows us to
map the coordinateg(t) into x(t + 1). The parameter estimation is accom-
plished by best matching the two images of the segment at the time points
tandt + 1. The matching strategy and the technical details for computing
the solution are discussed in depth in Danuser et al. (2000).

The initialization of the tracker, i.e., the definition ®f0) and$(0), is
also supported by computer vision algorithms. The operator interactively
FIGURE 2 Principle of tracking the lateral movement of a bundle seg-draws a box close to the target point to be analyzed. After manual box
ment. Given a target point on the bundle at titnigs new location at time initialization a line extraction algorithm automatically localizes the bundle
t + 1 is defined as the intersection between the bundle in its new positioraxis, defines the target point as the axis point closest to the center of the
and the normal to the bundle in the target point at tirrfeor each member  box, and determines the local orientation of the bundle segment in this
S of the sample sef), which forms the image of the bundle segment point. The length of the segment is defined by the perimeter of the
around the target point, a correspondent is searched in the frame capturetinually set box. The positional and orientational precision of the line
one time step later. The search is constrained by parametric modelsxtractor amounts te-0.2 pixels, respectively 1°.
describing the geometric and photometric inter-frame variability of the  Another important task of initialization is the selection of the sample set
segment image. Geometric parameters that describe the motion of th@, which actually forms the image of the bundle segment enclosing the
tracked segment include 1) the displacen®&pt,,along the normal and 2)  target point. This task is accomplished in the same step as line extraction.
the change in segment orientatial = ¢(t + 1) — &(t). Cf. text for As a byproduct of the line extractor an estimate of the local line width is
further parameters. available for each point on the bundle axis. This information enables the
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selection of all samples belonging to the image of the tracked bundlgheir position and the orientation of the bundle segments

segment. The selection ¢ needs to be executed with particular care. If US|ng the tracklng package described in the Materials and
the set is too narrow in width, i.e., samples at the periphery of the segme ethods section

image are omitted, the tracking result will get more susceptible to noise. | . . . .
the set is too wide, i.e., samples are included that do not belong to the The graph in Fig. A displays the results from tracking a

segment image but to the surrounding background, two types of errors wifarget point over a time span of 15 min sampled at 5 s
deteriorate the tracking. 1) Both inter-frame variability models Egs. 1 andbetween frames. The graph shows the measured lateral
2 are strictly formulated for samples belonging to the image of a bundley; i i
segment. Bgckground pixels obe)p/ different?rar?sition rules.glncluding sucer}dISplacemensla-teral of the targgt point between consgcutlye
A PTEe ST . rames of the time-lapse movie versus the local orientation
pixels in the computation will distort the estimation of the tracking param- . . L .
eters. 2) If the sample set exceeds the segment image in width it ma§b of the bundle axis. The d|agonal distribution of 183 data
interfere with the image of another, e.g., laterally traveling bundle comingPpairs indicates that there exists a correlation between bundle
close in the course of the movie. Interfering samples will deteriorate theorientation and lateral displacement. The correlation coef-
parameter estimation in the same way as superfluous samples from tgeient is 57.1%. For comparison, the average correlation
baCFk.grO””d'. o coefficient between 183 number pairs distributed randomly
ig. 3A displays the outcome of a segment initialization. The operator
drew a box of the same size as the yellow box somewhere near the bundi@Ver the same value range amounts to 0.5% (average of 50
Segment axis, target point positiagréen doy, local orientationgreen line numerical experiments). We analyzed the correlation by
perpendicular to the bundjeand the sample sem@agenta forming the  linear regression using robust statistics (Danuser and
image of the segment were then computed based on automatic line eX"aStricker, 1998). Three data outliers were detected by the

tion. The yellow box overlaid to the display is centered on the target poin p - Lo "
and serves the visualization of the tracking result. FiB.shows the same tregressmn algorithm and eliminated from fitting (labeled

image portion 25 frames later. Over this period, the bundle has laterallyVith square markers). The relati_vely Wide Spr?a_d of th? data
moved 2.06 pixels (barely noticeable by eye) and rotated 3.4°. The rotatiogluster around the regression line in FigAdoriginates in
is visualized by the yellow box. It is constructed by applying the estimatethe fact that both displacement and orientation measure-
for the coordinate transition(t) — x(t +1) to the four corners of the ments are at the resolution limit of the computer vision
yellow box in Fig. 3A. Also, notice the subtle scaling.(= 0.92) between o ‘A5 mentioned in the Materials and Methods section,
the segment images. The scaling is reflected by a decrease of the box area” . . . . .
from Fig. 3A to 3 B. the s_|gnal—to-n0|se_rat|o of the Pol-_chpe permits a tracking
precision of 0.09 pixels (10.4 nm) in displacement and 0.5°
in orientation. The bulk part of the displacements analyzed

RESULTS in Fig. 4Ais below 0.4 pixel, thus the relative measurement

We investigated the swaying motion of radial actin bundleserror of most of the data points i825%.

in the growth cone of adplysiabag cell neuron that was ~ We have analyzed the dependence of the correlation
imaged ina time-|apse movie recorded with the P0|-ScopéoefﬁCient on the Step size of the diSpIacement. In first
(Movie 1 in Katoh et al., 1999b). We selected target points@PProximation, the tracking precision is independent of the

on radial actin bundles in the lamellipodium and followed Step size and rotation performed by the bundle segment.
Thus, the relative error of the data points will decrease with

a larger displacement step. On average, the displacement
step increases with the elapsed time between two frames.
Fig. 4 B displays the relationship between lateral displace-
ments and bundle orientations for the same segment as in
Fig. 4A, however, with a fourfold longer period between the
time points. Instead of tracking the bundle segment between
consecutive frames of the movie (frame rate 5 s), we let four
frames pass and measure the displacement and rotation over
20 s. To generate as many data points as possible, we
tracked each segment four times through the 15-min movie
sequence, in the first run over the frames 1,,5,.9, in the
second run over the frames 2, 6,,10., etc. Indeed, with
the larger mean lateral displacement, the correlation im-
proves from 57.1% to 92.0%.

Yet, there are two limits to this procedure of noise sup-

FIGURE 3 Initialization and tracking of a bundle segmer) [nitial- o ; .
ization of the target point and sample set in the first frame of the movie.Pression: 1) the longer the interval between the considered

The green dot indicates the position of the target point centered on théime points, the higher the probability that the segment does
bundle axis. The green line depicts the direction perpendicular to thenot move monotonically in one direction but passes a turn-
bundle axis. Samples belonging to the data set selected for tracking ari?lg-point in the oscillating trajectory. In this situation the

colored magentaB) Result from tracking the target point and surrounding alue of lateral displacement will be nonsensical 2) As
segment image over 25 frames. The movement relative to the imagg in(V u ISp wi .

is barely visible. The orientation and size of the yellow box indicates thatShOWN in the Discussion, our simple fluctuation tracking
the segment image has also been rotated and scaled. suffers a systematic error, which is negligible only for small
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segment rotations. With a larger time interval between the
processed frames the average segment rotation will in-
crease. The data points will be perturbed by this rotation-
related error to an extent that precludes linear regression
analysis. Both arguments are confirmed by the graph in
Fig. 4 C, which displays the correlation coefficient as a
function of the number of elapsed frames. The correlation
coefficient reaches a maximum between four and eight
elapsed frames, i.e., 20—40-s intervals between data points.
We conclude that for intervals longer than 20 s the positive
impact of reduced relative measurement errors is out-
weighed by the aforementioned systematic effects. Beyond
40-s intervals the latter begin to dominate random tracking
errors and deteriorate the correlation. For other bundle seg-
ments we have observed maximum correlation coefficients
between three and six rather than four and eight elapsed
frames. Thus, we chose four elapsed frames as the optimum
time step to pursue the final regression analysis, as described
in the following.

The regression line is characterized by two parameters,
the zero crossing, and the slop@&é/A¢. The zero crossing
is the orientation for which zero lateral displacement is
measured. The linear relationship between displacement
and orientation of the bundle in the target point can be
expressed by the equation:

Ab

8Iateral - E(d) - d)O) (3)

For the physical interpretation of slope and zero crossing we
turn to the model introduced in Oldenbourg et al. (2000) that
relates the lateral motion of tilted bundles to the observed
retrograde flow of fiduciary structures in the f-actin mesh-
work. Using this model we postulate that also the positional
fluctuations of stationary bundles originate from retrograde
flow in the actin meshwork. The fluctuations are caused by
variations in the orientation of consecutive bundle seg-
ments. The orientation of a segment is determined during

which are explained in detail in the textC) Correlation coefficient
between lateral displacement and bundle orientation as a function of
elapsed frames. The data correlation is highest for four to eight elapsed
frames, i.e., 20—40-s time intervals between the data points. For time
intervals shorter than 20 s (less than four frames) random tracking errors
deteriorate the correlation coefficient. For time intervals beyond 40 s (more
than eight elapsed frames) systematic errors are introduced into the fluc-
tuation analysis that decrease the correlation coefficien@)ru¢d B) the
diagonal distribution of data points reflects the correlation between bundle

FIGURE 4 Results of tracking the swaying motion of a radial actin orientation and lateral displacement. The correlation is characterized by a
bundle. The lateral displacements of a target point on the bundle versusgression line that is overlaid to the data points. As discussed in the text,
bundle orientations are measured with subpixel resolutiéhDisplace-
ment-orientation data distribution obtained from tracking a target pointf-actin structures in the lamellipodium and the zero crossing indicates the
between consecutive frames of a 15-min movie sampled at 5-s timelirection of retrograde flow in the vicinity of the target point. Line fitting
intervals. B) Distribution obtained from the same image data, but tracking is performed in conjunction with robust statistics to automatically eliminate
the target point over intervals of 20 s, i.e., in steps of four frames. Theoutlier data (Danuser and Stricker, 1998). Inlier data are labeled with dots,
reduced data scatter indicates that larger time steps can reduce the relatioatlier data with squares. On a 99% confidence level three and one outliers
tracking error. However, there are limits to this way of noise reduction,are detected for the data sets &) @nd B), respectively.

the slope of the line is a direct measure of the speed of retrograde flow of
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polymerization at the leading edge. Similar to fiduciary
structures, the orientation of a bundle is preserved in the
meshwork during its retrograde travel through the lamelli-
podium. Focusing on a target point located on a radial
bundle at a fixed distance behind the leading edge, bundle
parts pass that have been polymerized at different times.
Temporal variations in segment orientation manifest them-
selves as rotational fluctuations of the local bundle axis in
the observed point. Also, they cause small displacements of
the bundle axis that are recognized as a swaying motion.
Typically, we have to wait for a few frames to pass until the 6
changes in axis geometry become appreciable by eye. How-
ever, the computer vision tracker is sensitive enough to
resolve the fluctuations on a frame-to-frame basis. 04
In the paper by Oldenbourg et al. (2000) we found that
stationary, radial actin bundles, on average, are oriented
parallel to retrograde flow. Furthermore, when a bundle is
tilted with respect to the direction of retrograde flow, the
bundle exhibits lateral motion whose speed increases with
the tilt angle. We found that the following relationship holds
between the tilt angle, the speed of retrograde flow,,
and the speed of lateral motian, g,

segment

target point

6retro = VretroAt

lateral

Uateral = Uretro Sin . (4)
FIGURE 5 Schematic of filopodium with undulated radial actin bundle

Fig. 5 illustrates the geometric relationship between thehat participates in retrograde flow. Two positions of the bundle at two time
variables in Eq. 4. in the context of the swaying motions ofPoints are drawn. The bundle is moving straight down by a distance
: : Sretro = Uretro At, With At being the elapsed time. The bundle is translated

radial actin bundles. retro _retro . .

. . - . only and no change in bundle shape is assumed. Bundle segments that are

Equations 3 and 4 are indeed very similar after IntrOdl"C’tilted by an anglex with respect to retrograde flow seem to move laterally

ing the following substitutions. First, we can interpfgfas by a distance,,.,.; The lateral movement is measured by tracking a target
the direction of retrograde flow, i.eqq = ¢ — ¢,. Second, point on the bundle as described in Materials and Methods. Note that the
since in a stationary bundle the difference between bundilghysical bundle segment moves straight down, while the target point
orientation and zero crossing is smaller than 10°, we caf'°ves laterally.
replace the sine function by the linear term of its polynomial
expansion, sink — ¢o) =~ (¢ — ¢g). Finally, we interpret
the lateral displacements per time intervat between
two frames as the speed of lateral motion, i.&.eraf
At = yerat INtroducing these substitutions in Egs. 3 an

and comparing their terms, we find

tion and thus higher fitting precision, but do not change the
regression parameters. The data points in Fi@\, &hich

d 4have much larger relative error, scatter around the same
regression line as those in FigB4 From this we conclude

that the tracking errors causing the data scatter in Fi§y. 4

AS 1 are truly random, with zero mean. When using a sufficiently
Uetro = ATI) TAL large set of input data points for regression analysis, the
result becomes independent of the chosen time interval for
It turns out that the slope of the regression line divided bytracking.
the time intervalAt yields the speed of retrograde flow. A further investigation of the regression properties in
Fluctuations in position and orientation of radial actin bun-Appendix A indicates that the parameters are also indepen-
dles therefore give us a means to measure the speed addnt of the bundle undulation and thus of the persistence
direction of retrograde flow in the observed target point. length of the actin bundle.

The line fit through the data pairs in Fig Blyields ¢, = We performed the fluctuation analysis for multiple seg-
93.68=* 0.14° for the zero crossing ang.,,= 2.78*= 0.13  ments of radial bundles distributed over the entire lamelli-
pm/min. The standard deviations of the line parameterpodium. Bundles whose image signal appeared or disap-
were propagated from the spread in the data pair distribupeared during the movie sequence were not considered.
tion. Interestingly, the above regression parameters do ndiig. 6 gives a graphic overview of the measurements. The
differ statistically from a line fit to the data in Fig. A: retrograde flow vectors are overlaid in red to the first frame
¢bo = 93.92+* 0.37° andu,eyo = 2.76 £ 0.34 um/min. Ob-  of the Pol-Scope movie. Notice that not all target points
viously, longer time intervals result in higher data correla-come to rest on a bundle in this image. We take the centers
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FIGURE 6 Vectorial representa-
tion of the flow field overlaid to the
first image of the Pol-Scope movie.
The red vectors show points where
the retrograde flow was actually mea-
sured by fluctuation analysis. The
yellow vectors were interpolated
from the measurements to generate a
more continuous flow map. A re-
markable property of the field is the
acceleration of flow from the left to
the right side of the lamellipodium.

of the fluctuation trajectories as the origins for plotting theincluding the swaying motion of radial bundles, can be fully
vectors. The centers define the mean locations of the targexplained within the framework of actin polymerization
points on a radial bundle. Some of the centers have an offseiear the leading edge and of retrograde flow of the actin
relative to the image of the bundle. This gap reflects thenetwork. In addition, we postulate a mechanism that intro-
deviation of the bundle in the first frame from the meanduces orientational variation into bundle segments that are
target position. assembled near the leading edge. Once established at the
Pooling all the target points across the lamellipodium, thdeading edge, the orientation of a segment appears to be
average speed of retrograde flow over all points amounts tpreserved during the retrograde transport through the lamel-
2.37+ 0.13 um/min. The standard deviation of a single lipodium. Although there are good reasons to speculate that
speed measurement is 0.fdm/min. This value clearly the origin of these fluctuations is thermodynamic (Mogilner
contrasts with the average precision of a speed estimate ahd Oster, 1996), the exact mechanism of bundle generation
0.22 um/min propagated from the data scatter in line re-and the variations in orientation remain enigmatic (see
gression. We conclude that the much higher standard devBiscussion in Oldenbourg et al., 2000).
ation obtained from data pooling originates from a signifi- Once the relationship between bundle fluctuations and
cant spatial variation of retrograde flow across theretrograde flow is established, we can turn the table and
lamellipodium. Indeed, this is appreciable in Fig. 6. Thesuggest that the fluctuation of radial bundles can be used to
speed tends to increase from the left to right side of thestudy f-actin flow. Radial bundles can be regardedrabes
lamellipodium. This becomes even more visible through thehat reveal the speed and direction of retrograde flow in
(yellow) overlay of interpolated retrograde vectors, whichwhich the bundles themselves participate. The idea of prob-
results in a dense representation of the retrograde flow fielthg the flow field via fluctuation analysis of naturally
over a large sector of the growth cone. We investigate thisormed, unstained bundles bears not only methodological
behavior of retrograde flow in the Discussion section alongbeauty but yields novel possibilities to get insights into
with a further analysis of the performance and potential ofmechanisms of actin-based cell motility.
our fluctuation method. In neuronal growth cones and lamellipodia of other mo-
tile cells, radial bundles can be numerous and therefore can
DISCUSSION g_roviQe a dense array of probes_ for measuring _the speed _and
irection of retrograde flow. Using the fluctuation analysis
The average retrograde flow speed of 2:3D.13 um/min  we can quantify the flow parameters in small regions around
estimated via fluctuation analysis is close to the value ofach chosen target point. Hence, the flow field can be
2.6 = 0.25um/min measured directly by tracking structural mapped at high spatial resolution.
features in the lamellipodium (Oldenbourg et al., 2000). The temporal resolution of the fluctuation analysis is
Considering the standard deviations, the statistical signifiinversely proportional to the tracking errors. Given the
cance of the difference is weak. random errors of the computer vision tracker, the temporal
The agreement between the results supports the hypotiesolution is determined by the minimal number of displace-
esis that all recognizable dynamics of filopodia and actinment-orientation data pairs that are necessary for robust
bundles in the lamellipodium of the neuronal growth coneregression analysis. The shorter the time period the fewer
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data pairs are available, thus the larger the standard deviatiateviation of the §,.eras ¢} Mmeasurement distribution from
of the regression parameters. In the current study, the fina straight line.
regression parameters defining retrograde velocity in one tar- As mentioned in the Results section, this systematic error
get point were extracted from fluctuation data collected over derm was one of the two limits that precluded us of using
15-min observation period. We could increase the time resatracking intervals of more than five to six elapsed frames,
lution by splitting the movie into multiple frame sequences ofi.e., 25 s to 30 s (see Fig.d). With larger intervals both
shorter observation periods, however, at the cost of decreaseé,,, and d¢ increase, which causesto increase nonlin-
precision in the measured flow parameters. early with the tracking interval. For the data set shown in
Apart from the random tracking errors that average oufFig. 4 A the mean systematic err@rover all data points
with a sufficiently long observation period there is a sys-amounted to 3.1 nm, while the maximum eregy,, was
tematic measurement error that causes the distribution df3.5 nm. Compared to the random tracking error of 10 nm,
the displacement-orientation data pairs to deviate from ahe systematic error term appears to be negligible. Increas-
straight line in the §,.e ¢}-domain. The geometric ing the tracking interval to four elapsed frames in Fid3,4
model shown in Fig. 5 is strictly correct only if the bundle the mean and maximum systematic errors amount&d=to
curvature around the target point is zero. As illustrated in24.8 nm anc,,,,, = 116.7 nm, respectively. Thus, compar-
Fig. 7, for curved bundles the observed lateral displacemerihg it again to the random tracking error of 10 nm the scatter
is not equal to the projection of retrograde displacemenbf the data points in Fig. 48 is, in contrast to Fig. 4A,
onto the normal of the bundle segment, but differs from it bylargely associated with the effect of bundle curvature. How-
a terme. This term results in a systematic deviation of theever, the statistical distribution efhas a zero mean, since
measured data from the postulated model as written in Eqshe average curvature of a radial bundle is zero. Therefore,

3 and 4. For general bundle shapes Eqg. 3 becomes analogous to the averaging of random tracking errors, the
AS systematic measurement error cancels out in the regression

Sateral + £ = (b — o) (5) analysis over a long enough observation period. We found

Ad that after 15 minute the systematic error distributes sym-

with & depending on the local curvature. If we assume thafnetrically around the regression line.

a segment does not change the curvature during rearward” fundamental strength of the fluctuation method con-
movement we find that depends on the bundle rotatide sists in the truly local measurement of the flow field. In
the bundle tilta = (¢ — ¢¢), and the retrograde displace- conjunction with dense sampling due to the large number of

ment of the segment between two consecutive frames gdadial bundles spatial variations in retrograde flow can be
noted bys,.. detected. To explore this behavior we have implemented a
retro

statistic framework calleteast-squares collocatio(LSC),
& =~ SeuLOSx dib (6)  which is capable of decomposing the retrograde flow field

The orientational fluctuatiod¢ between two images of the into a global .ﬂOW trend descrlb_ed by a_param_etnc model
ez%nd a superimposed stochastic flow field with regional

segment is proportional to the bundle curvature in the targ correlation. Additionally, the framework has filtering and

point. The shorter the intervals between two frames, th(?nter olation capabilities, i.e., random errors are removed
smaller isdé. In the limit d¢ = O there is no systematic P P P

from the original velocity measurements and retrograde
flow velocity vectors can be predicted at any location across
the lamellipodium (for details see Appendix B).

o Fig. 8 displays the result of our flow field decomposition
lateral by LSC. Panel &) shows the filtered velocity vectors in all
€ o target points in red and the interpolated velocity vectors in

yellow. Although barely appreciable by eye, the difference
between the vectors in this panel and those in Fig. 6 is that
. here random errors in the velocity measurements (red vec-
6retrosmoc tors) have been removed. Parig) éhows the trend function
d(]) in both target and interpolation points. We have adopted a
centripedal flow with constant speed as the global paramet-
FIGURE 7 Systematic bias in the observed lateral displacement causédC function. This choice was motivated by the hemispher-
by bundle curvature. In the illustrated case of concave curvature, the lateraCal shape of the growth cone. We assumed that the main
displacemen ..oy measured between two target points is shortened by direction of rearward f-actin movement would be perpen-

compared to the expected projection of retrograde displacedpggsina. dicular to the mean shape of the front edge of the protruding
In the case of convex curvature, the displacement would be extended (n?t

shown). The change in bundle orientatif between the two target points amelllpOdlum (daShed line Overlay)_' Both center and spee_d
is related to the curvature of the bundle. Thus, the bidepends on the  Of the global poleward flow were estimated as parameters in

orientational fluctuatiord$ between the frames and vanishes dgr= 0. LSC. The location of the center falls outside the lamellipo-
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FIGURE 8 Flow field decomposition by LSCA) The filtered ¢ed) and interpolatedyellow) velocity vectors. They are decomposed into a global
centripedal flow with constant speeB)(and a stochastic flow fieldd) with regionally correlated components. The latter is referred to as a disturbance

field. The center of the global poleward flow is sketched undern&tiNptice that the velocity vectors iiC} are enlarged three times for better visibility.

Overlaid to 8) and C) are dashed lines that represent the hemispherical mean shape of the leading edge. The center of the hemisphere is equal to the center
of the poleward flow, i.e., the supposed global flow model as showB)iis(always normal to the hemisphere. From qualitative analysis we speculate that

there is a relationship between the superimposed stochastic flow fie@) iand the deviations of the actual leading edge from the hemisphere (see text

for more details). A rigorous verification of this hypothesis will be the subject of future research.

dium and is sketched underneath paf®l The speed was lipodium. Such analysis will fuse our dynamic observations
estimated to be 2.4am/min. Panel C) displays the addi- with the largely known structural and elastic behavior of the
tional flow component in the target and interpolation points.actin meshwork. Also, now that we have the analysis tools at
We refer to this second component as a disturbance field tband, we will investigate the correlation between the distur-
the global flow in panelB). By vector addition the move- bance flow pattern and geometric deviations of the leading
ments in panel) and C) sum up to those in paneh]. edge from the supposed mean shape model, in our case the
Notice that for graphical purposes the vectors of the disturhemisphere. Qualitatively, there appears to be a relationship
bance field are enlarged three times. The mean magnitude bketween them (see Fig@. For instance, in the center section
the disturbance vectors amounts to fB/min. The max-  of the lamellipodium there is a sideways movement component
imum vector is 1.3um/min long. In comparison, the mean in the disturbance field, which correlates with a flattened front
random error that is filtered away from the measured veof the leading edge. However, in the left section the distur-
locity vectors is 0.2um/min. This means that the distur- bance flow tends to point in the forward direction. This phe-
bance vectors are on average significantly larger than theomenon seems to be correlated with a faster advance of the
error of a velocity measurement in a target point. leading edge in that section. Such comparison will be partic-
Fig. 8 gives a much more detailed view of retrograde flowularly interesting with fast protruding lamellipodia. There, tem-
in a lamellipodium than was previously available. While poral changes in membrane shape that are associated with cell
centripedal flow, which has been described before by othegrowth or retraction will be compared with the temporal de-
authors, is clearly dominant, there are statistically signifi-velopment of the disturbance flow pattern and modulations of
cant flow components that deviate from this pattern. Thisthe polymerization mechanisms that advance the leading edge.
finding has been made possible by the density and high To conclude, this paper proposes a new framework for
accuracy of the fluctuation-based velocity measurementghe local measurement of retrograde flow in the lamellipo-
This complex flow behavior would not be visible by track- dium of motile cells. We have exploited the minute shape
ing a single structural feature as the general backwarfluctuations that are present in otherwise stable radial actin
movement dominates the flow. bundles. Our method allows us to generate a dense flow
In the future, we anticipate the calculation of strains andfield representation that reveals subtle regional variations in
stresses associated with the different flow types in the lamelflow direction and speed.
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APPENDIX A to ¢,. Therefore, independent of the type of undulation in the bundle,
. the measured data pair§{,..., ¢} lie symmetrically around the sought
The regression analysis is independent of the regression line.

bundle shape

Our proof goes along the following lines: if two bundles of sinusoidal APPENDIX B
shape with identical flow speed and direction but with different amplitude
and wavelength generate identical regression lines in the data domaiRlow-field decomposition by
{8iateras ¥}, @ny arbitrary shaped bundle moving with this speed and least-squares collocation
direction will produce the same regression line. This statement holds
because the shape of any bundle can be decomposed into a series lgfast-squares collocation (LSC) can be viewed as a general method of
sinusoidal base functions with different wavelengths and amplitudesleast-squares model fitting. It was first adopted in physical geodesy to
Fig. 9 A depicts the retrograde movement of a bundle with a sinusoidalpropagate the gravity field through space (Moritz, 1980). Later it has been
shape. It displays two time points of a bundle that moves from the left toapplied to tectonophysics for the analysis of complex displacement patterns
the right along the horizontal axis. The bundle undulates according to a sing continental crust movements (Kahle et al., 1995). The main strength of
function with amplitudea and wavelengti, thusy, = a sin (27 X/A). The the framework lies in the combination of functional and stochastic mod-
displacement of the bundle associated with a flow alwigjaccomplished  eling of measurement data. This allows one to impose a relatively simple
by introducing a shif§, ., thusy, = a sin(2m (X — 8,¢40/A). Also, in Fig analytical description of the overall system behavior using low-order
9 A we indicate the construction of the theoretical lateral displacement inparametric functions. Neglected, yet significant high-order terms that cause
any target point along the bundle. Analogous to the tracking procedurgnismatches between the real data and the simplified system description are
demonstrated in Fig. 2, the lateral displacentgpt,, is determined by the  picked up by a second stochastic term. Stochastic modeling requires much
distance between the target point and the intersection of the normal withveaker knowledge of the system properties than analytical descriptions
the shifted bundle. The normal is calculated based on the orientatafn ~ while still providing an accurate picture of the underlying system. There-
the bundle tangent in the target point. Notice that in the setting of Fig. 9 A fore, LSC is an ideal tool for modeling biological systems. Frequently, a
o is 0 and therefore the bundle tikk = (¢— o) = ¢. Fig. 9B plots the biological system is too complex to be appropriately represented by a
loci of lateral displacement-orientation data pairs for all the target pointsparametric formulation. Nevertheless, there is still a rough picture of the
along the undulating bundle. We vary all three parameters, i.e., the amplieverall control mechanism available which can be formalized in a para-
tude, the wavelength, and the phase shift of the sine function. metric function. The remaining parts of the complex behavior are repre-
The theoretical loci do not represent lines, but ellipse-like curves (thesented by the stochastic term.
curves have no closed form analytical representation). The deviations of In the following we outline the concept of LSC for modeling the
the loci from a straight line correspond to the systematic errmentioned retrograde actin flow field. For any of the sampled target points we write

in the Discussion. However, the plot indicates that for a given 8hift, all the measured velocity vectov¢x) as

the loci for different amplitudes and wavelengths form a multitude of ¢

concentric curves with a common axis whose slope is proportional to v(X) = t (%, & + Sf(x) + e(X). (7)
the shift, respectively speed of flow, and whose zero crossing is equal vi(x)

(A) B) .
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FIGURE 9 Simulation of the displacement-orientation data pairs for a moving bundle with sinusoidal #)appdaundle is shown in two positions,
which are displaced b9, in x direction. The lateral displacemed|t,. iS constructed in accordance to the tracking procedure in Fig. 2§i.€,x IS
determined by the distance between the target point and the intersection of the normal with the shifted Buhdéorétical loci of lateral displacement
versus bundle tilt angle calculated for all target point positions along the bundle. The theoretical loci form an ellipse-like curve whose stiap@tod o
depends on the amplitude and wavelength\ of the sinusoidal bundle and on the amount of the displacegpni The displacement is given as
Sretro = Vretro At. TWO such curves are calculated for valuesiok, andv,,, that seem to be representative of the measurements shown in Fig. 4. The third
curve is drawn foru,.,o = 4.4 wm/min to demonstrate the change in the orientation of the ellipse when doubling the retrograde displacement.
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The parametric terrtl (x, £€) describes the global flow as a function of the We are grateful to Raffael Burgy for programming LSC and for preparing
target point positionx and the parameter vectd: The superimposed the panels displayed in Fig. 8.

second terns (x) models a stochastic flow field with an expected zero
mean vector. Further on, we refer to this term asfibv signalwhile the
global term is calledlow trend.The LSC model assumes that the signals
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to-point distance. Therefore, the flow signal can pick up flow patterns that[o R.0.)
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