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3. Alignment in con!ned semi"exible polymer 
networks

!e "nite size of cells poses a spatial constraint on the cytoskeleton. 
At the same time, the high packing density of cytoskeletal "laments 
poses mutual packing constraints. Here, we investigate the competition 
between bulk and surface packing constraints on the orientational 
ordering of con"ned networks of actin "laments in nematic and 
bundled phases. We fabricate shallow, rectangular microchambers 
of di#erent sizes and aspect ratios, and grow networks of actin inside 
them. We determine the director "eld by $uorescence microscopy 
and custom-written image analysis so%ware. We "nd that isotropic 
networks are insensitive to con"nement, whereas nematic and bundled 
networks preferentially align along the diagonal axis of the chambers. 
!e chapter ends with a section in which we present two additional 
image analysis techniques, one to determine the presence of bundles 
and one to determine the dependence of actin concentration on radial 
position inside microchambers. Our pixel-based methods have the 
advantage of being able to extract density and orientation information 
even when the length scales of the "lamentous networks are below the 
di#raction limit. Our method could thus be applied also to images of 
the actin cytoskeleton in con"ned regions of cells such as the protrusive 
lamellipodium of migrating cells.
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3.1 Introduction

 !e mechanical properties of eukaryotic cells are largely determined 
by the cytoskeleton, a meshwork of "lamentous proteins with 
unique mechanical properties (Storm et al., 2005). !ree cytoskeletal 
components are known to signi"cantly contribute to cell sti#ness, 
cell shape (Paluch and Heisenberg, 2009) and internal organization 
(Mullins, 2010).

!e "nite size of cells poses a spatial constraint on the 
cytoskeleton. In plants, the cytoplasm, and hence the cytoskeleton, is 
con"ned to thin layers pressed between the rigid cellulose cell wall and 
the vacuole, which occupies 90% of the cell volume (Gunning and Steer, 
1996). In animal cells, large, three-dimensional cytoplasms prevail, 
though anchoring to the plasma membrane o$en results in a thin actin 
cytoskeletal cortex (Salbreux et al., 2012). !e plasma membrane of 
animal cells is in principle so$ and deformable, but still cell shape in 
many tissues is strongly constrained, either due to the anchoring of a 
rigid pericellular coat on the membrane exterior (Nijenhuis et al., 2009; 
Tanaka et al., 2005), or due to close packing of cells within epithelial 
layers (Fernandez-Gonzalez et al., 2009). Recent biophysical research 
has begun to address the e#ect of spatial con"nement on intracellular 
organization by culturing individual cells or con%uent cell monolayers 
on micropatterned substrates (Vedula et al., 2012; Vignaud et al., 2012). 
External con"nement has been shown to strongly a#ect the spatial 
organization of the cytokinetic contractile ring (!éry et al., 2005), 
mitotic spindle (Fink et al., 2011), and nucleus (Versaevel et al., 2012), 
and thereby strongly a#ect cell fate (Chen et al., 1997). In addition to 
global cell shape con"nement, a variety of thin cellular extensions locally 
constrain the cytoskeleton to con"ned geometries. On %at substrates and 
in some tissues, cells migrate using a protrusive %at sheet-like array of 
actively treadmilling actin "laments called the lamellipodium (Mogilner 
and Oster, 2003; Small et al., 1995; Verkhovsky et al., 2003). Cells also 
extend actin "laments and microtubules into linear protrusions, such as 
"lopodia (Bryant, 1999; Davenport et al., 1993; Mogilner and Rubinstein, 
2005; Svitkina et al., 2003), stereocilia (Manor and Kachar, 2008; Tilney 
et al., 1989; Zheng et al., 2000), %agella (Luck, 1984; Nicastro et al., 2006), 
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and neurite processes (Dehmelt and Halpain, 2003). A mechanistic 
understanding of the e!ect of geometrical con"nement on the spatial 
organization of cytoskeletal networks remains elusive.

In-vitro experiments with reconstituted cytoskeletal polymer 
networks provide a convenient way to study the role of con"nement in 
cytoskeletal organization in the absence of complicating factors such as 
active processes and biochemical regulation. In dilute suspensions of 
actin "laments and microtubules, con"nement to small geometries with 
rigid boundaries forces "laments to align along the walls to minimize 
bending energy (Cosentino Lagomarsino et al., 2007). Narrow channels 
have been shown to elongate "laments of actin (Choi et al., 2005; Hirst et 
al., 2005; Köster et al., 2005) and DNA (Bonthuis et al., 2008; Tegenfeldt 
et al., 2004) by constraining thermal bending undulations. Speci"c 
geometries of actin or microtubule "lament nucleation imposed by 
micropatterned substrates can result in bundle formation in the absence 
of crosslinks (Portran et al., 2013; Reymann et al., 2010). 

But in addition to external con"ning geometries, mutual packing 
interactions between "laments at high packing densities can also a!ect 
the organization of polymer networks. At low densities, "laments form 
an isotropic phase which lacks a preferred orientation. Above a critical 
density, "laments spontaneously align to reduce their excluded volume 
and form a nematic liquid-crystalline phase. Initial theoretical work by 
Onsager showed that the critical density depends solely on the aspect 
ratio of "laments if the "laments interact exclusively by steric repulsion 
(Onsager, 1949). Both "lament #exibility (Chen, 1993; Khokhlov, 1982; 
Odijk, 1986) and "lament length polydispersity (Flory and Abe, 1978; 
Odijk, 1986) have been theoretically shown to increase the critical 
density compared to the Onsager transition. Onsager’s theory and 
modi"cations thereof have been highly successful in predicting the 
phase behavior of rod-shaped "lamentous viruses like tobacco mosaic 
virus (Bawden et al., 1936) and fd-virus (see Chapter 1) as well as actin 
"laments (Helfer et al., 2005; Käs et al., 1996). For instance, reducing 
actin "lament length with the capping protein gelsolin has been shown 
to increase the critical density for nematic liquid crystalline ordering 
in close agreement with the Onsager theory (Coppin and Leavis, 1992; 
Furukawa et al., 1993; Oda et al., 1998; Suzuki et al., 1991; Viamontes 
and Tang, 2003). 
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!e combination of packing constraints from mutual "lament 
interactions and external con"nement has been little explored. Isotropic 
actin networks in emulsion droplets and vesicles form peripheral shells 
to minimize bending energy (Claessens et al., 2006a; Limozin et al., 
2003), similar to individual con"ned "laments. Con"nement of actin 
networks in microchambers was shown to cause nematic alignment at 
densities below the bulk isotropic-nematic (Onsager) transition (Soares 
e Silva et al., 2011a).

In contrast to in-vitro systems, living cells do not appear to exhibit 
networks of cytoskeletal "laments in the nematic phase despite the rather 
high concentrations of actin in the cytoplasm (Koestler et al., 2009). 
Rather, cells actively regulate "lament organization by orchestrating a 
wide array of accessory proteins which speci"cally interact with actin 
"laments to produce networks, bundles, and higher-order cytoskeletal 
structures (Chhabra and Higgs, 2007; Vignjevic et al., 2003). Bundling 
likely acts together with spatial con"nement to form functional 
cell structures such as "lopodia (Atilgan et al., 2006; Mogilner and 
Rubinstein, 2005). In-vitro, the combination of packing constraints 
from cross-linker-mediated interactions and external con"nement has 
again been little explored. In reconstituted actin networks con"ned to 
microchambers or emulsion droplets, interesting organized patterns of 
bundles were observed when the solvent was allowed to slowly evaporate 
(Deshpande and Pfohl, 2012; Huber et al., 2012; Vonna et al., 2005). In 
narrow microchannels, actin bundles are e#ciently aligned along the 
channel (Hirst et al., 2005).

In this chapter, we seek to quantify the e$ect of spatial con"nement 
on the spatial organization of semi%exible polymer networks that form 
either isotropic, nematic, or bundled phases in bulk solution. We 
model external con"ning geometries by fabricating shallow, square 
microchambers with a systematically varied size and in-plane aspect 
ratio. Inside these chambers, we grow networks of actin "laments 
prepared in an isotropic or nematic phase, as well as networks of actin 
"laments bundled by various agents. We visualize these networks by 
%uorescence microscopy and quantify the spatial evolution of "lament 
orientation using a pixel-based method related to previous methods 
which quanti"ed "lament orientation in the lamellipodium of migrating 
cells (Weichsel et al., 2009; 2012). We "nd that isotropic networks 
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remain isotropic in the microchambers, independent of chamber 
aspect ratio, whereas nematic liquid crystals of actin !laments adopt 
preferential alignment along the diagonal axis of the chambers. Further, 
we show that the spatial organization of bundle networks responds to 
the imposed con!nement in a similar manner to nematic liquid crystals 
of actin !laments, preferentially aligning with the chamber’s longest 
axis. "e chapter ends with a section in which we present two additional 
image analysis techniques, one to determine the presence of bundles 
and one to determine the dependence of actin concentration on radial 
position inside microchambers.

3.2 Results

In order to quantify the e#ect of con!nement on the spatial organization 
of semi$exible !lament networks, we prepare microchambers with a 
well-controlled rectangular geometry (Fig. 1a; see Methods). Chambers 
were designed with lengths dy in the range 3–100  µm and widths dx 
such that the aspect ratio dx  /  dy varied in the range  1–10 (Fig. 1b). 
Chamber thickness dz remains constant across all experiments at 3 µm. 
Inside these chambers, we grow networks of $uorescently labeled actin 
!laments under various conditions (Fig. 1c). We investigate the e#ect of 
chamber thickness on the spatial pattern of local orientations ! of actin 
!laments, based on anisotropy of $uorescence intensity (see Methods). 
From these orientation measurements, we determine the preferred 
orientation <!> and the order-parameter S of the nematic director from 
the second-order tensor order-parameter S2 (see Methods). 

Con!ned nematic liquid crystals of actin !laments. In order to 
investigate the e#ect of external geometry on the spatial organization of 
con!ned suspensions of semi$exible !laments in the nematic phase, we 
grow actin !laments at concentrations of 4 mg mL-1 in microchambers. 
At these high concentrations, actin !laments self-organize to form 
a nematic liquid crystal (Furukawa et al., 1993; Käs et al., 1996). We 
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a

b

c

dy

dx

Figure 1. Experimental model system of actin !lament networks con!ned 
to microchambers. a. Snapshot of chip patterned with microchambers, 
acquired by scanning electron microscopy. Scale bar 500 µm. b. Closeup 
of the area in the black box in panel a. Scale bar 50 µm. White arrows 
denote the chamber length dy and width, dx, from which we compute the 
chamber aspect ratio as dx / dy. #e chamber height is 3 µm. c. Confocal 
$uorescence image of square microchamber (dy = 50 µm, dx / dy = 1) 
!lled with a suspension of $uorescently labeled actin !laments in the 
nematic phase ([actin] = 4 mg mL-1). Scale bar 10 µm.

a

b 90º

–90º

0º !

Nematic networks

aspect ratio dx / dy

Figure 2. Nematic liquid crystals of actin !laments con!ned to 
microchambers. [actin] = 4 mg mL-1, dy = 15 µm. a. Snapshots of actin 
!laments in microchambers. Outlined text denotes chamber aspect 
ratios dx / dy from 1 (square) to 10 (long rectangle). Scale bar 20 µm. b. 
Maps of the orientations of $uorescence intensity in each pixel. Color 
corresponds to orientation ! of $uorescence intensity distribution (see 
calibration wheel, right). Dashed black boxes denote manually selected 
regions of interest. #ese regions were selected to avoid edge e%ects 
related to the sudden decrease in $uorescence intensity at the chamber 
boundaries.
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Figure 3. Quantitative analysis of con!ned nematic networks over 
multiple chambers with dy = 30 µm. a. Probability distribution function 
of pixel orientations θ. Color corresponds to di#erent aspect ratios 
(see legend, right; also see Figure 2a). Note that pixel orientations were 
multiplied by a factor of ±1 to account for the rectangular symmetry 
of the chambers (see Methods). b. Expected orientation α (green 
squares) and preferred orientation µ (black points) as a function of 
aspect ratio. Gray boxes denote standard deviation (SD) of values of μ 
across multiple chambers. Orange boxes denote standard error of the 
mean (SEM). Black lines denote arithmetic means. c. Order parameter 
S (black points) as a function of aspect ratio. Gray boxes denote SDs. 
Red boxes denote SEMs. Black lines denote arithmetic means. Two 
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distributions are statistically signi!cantly di"erent (p� ɤ� 0.01) if their 
orange bars (SEM) do not overlap (Cumming et al., 2007). Number of 
chambers N = 24, 23, 22, 18, 17, 16, 16 for aspect ratio = 1, 1.5, 2, 3, 5, 7, 
and 10, respectively.

visualize these con!ned networks by $uorescence microscopy, which 
reveals a !ne aligned texture indicating nematic alignment (Fig. 2a). 
For all chamber sizes and aspect ratios, the networks appear rather 
homogeneous. However, due to the small mesh size (~ 150 nm) and small 
diameter of the !laments (~ 7 nm), we are unable to resolve and track 
individual actin !laments. Instead, we quantify the mean orientation of 
!laments per image pixel, which measures the local orientation θ of the 
nematic director (Fig. 2b, see Methods).

Initially, we would expect !laments to align along the long axis 
of the chamber, which is one of the two diagonals. %is is the case for 
the chambers depicted in Figure 2b. For square geometries (aspect ratio 
dx / dy = 1), pixels in the center of the chamber report an orientation θ 
of approximately –45º along the diagonal of the chamber. %is is evident 
in Fig. 2b (bottom-le&), where green pixels correspond to –45°. As 
chamber aspect ratio increases to 10, the orientation θ of pixels shi&s 
gradually to 0°. %is is evident in a shi& from green pixels to cyan pixels, 
which report orientations of 0°.

In order to quantify the e"ect of chamber geometry on the 
orientation of the nematic director, we plot histograms of orientation 
measurements for many identical chambers with chamber lengths 
dy = 30 µm (Fig. 3a).  Indeed, the distribution of orientations θ in square 
chambers (aspect ratio 1, light blue curve), is peaked around 45°. As 
aspect ratio increases, the peaks shi& towards 0°. %is gradual shi& 
from 45° to 0° is also evident in Fig 3b. %is panel shows the preferred 
orientation μ of several chambers (represented as black points) as well 
as the angle α of the chamber diagonal (represented as green squares), 
given by

α = arctan(dy / dx).
%e mean preferred orientation <μ>chambers averaged across all chambers 
(represented as black horizontal lines) decreases towards 0° in a manner 
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Figure 4. Quantitative analysis of con!ned nematic networks for 
chambers of all dimensions, as in Figure 3a. Plots show the probability 
distribution function of pixel orientations !. Distributions are shown for 
di"erent chamber lengths dy (separate plots) and di"erent aspect ratios 
dx / dy (color).
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Figure 5. Quantitative analysis of con!ned nematic networks for 
chambers of all dimensions, as in Figure 3b. a. Expected orientation ! 
(green squares) and preferred orientation µ (black points) for di"erent 
chamber lengths dy (separate plots) and di"erent aspect ratios dx  / dy 
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(x-axis). b. Phase space of the deviation from expected angle, given 
by the di!erence between the expected orientation α and the mean 
preferred orientation <μ>chambers averaged over many chambers. "e 
x-axis corresponds to chamber aspect ratio, y-axis to chamber length. 
Color corresponds to deviation (calibration bar, below). For number N 
of chambers, see Methods.

consistent with α. (Note that orientations are multiplied by a factor of 
±1 to account for the rectangular symmetry of chambers, see Methods.) 
Furthermore, Figure 3c shows the order parameter S (represented as 
black points) of individual chambers. "is quantity measures the 
dispersion of orientations θ across a single chamber (see Methods). "e 
mean order parameter <S>chambers averaged across all chambers slightly 
increases with increasing aspect ratio, although not in a statistically 
signi#cant manner.

So far we have presented chambers where con#ned liquid crystals 
appear to closely follow the chamber diagonal. However, this is not 
satis#ed for all chamber geometries. Many chambers appear to contain 
networks that rather align to the parallel edges of the chamber in the 
x-direction. "is is shown in Figures 4 and 5. Figure 4 shows histograms 
of orientation measurements for all chamber geometries. Figure 5 
shows the preferred orientation μ and the expected orientation α for 
all chamber geometries. We #nd that for small rectangular chambers 
(dy  <  30  µm, dx  /  dy  >  1), networks prefer to orient along the x-axis 
(μ = 0°) rather than the chamber diagonal (μ = α). "is is evident in 
panel a, where <μ>chambers (represented as black horizontal lines) do not 
agree with the angle α of the chamber diagonal (represented as green 
squares). Many of these di!erences are statistically signi#cant. (When 
orange bars do not overlap with green squares, p�ɤ�0.01.)  Interestingly, 
networks in square chambers (dx  /  dy  =  1) appear to align along the 
chamber diagonal for virtually all chamber lengths dy. "ese results show 
that a slight anisotropy in chamber shape causes nematic networks to 
align along the longest parallel walls, rather than the chamber diagonal. 

Apart from the preferred orientation μ, chamber dimensions 
strongly a!ect the mean order parameter <S>chambers (represented as 
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<S>chambers averaged over many chambers. !e x-axis corresponds to 
chamber aspect ratio, y-axis to chamber length. Color corresponds 
to mean order parameter (calibration bar, below). For number N of 
chambers, see Methods.

black horizontal lines, Fig. 6). Smaller chambers exhibit a higher order 
parameter. For dy < 20, the order parameter increases with increasing 
aspect ratio. Many of these increases are statistically signi#cant. However, 
for larger chambers, the order parameter is not signi#cantly a$ected by 
the aspect ratio. !ese results show that nematic networks exhibit a more 
well-de#ned preferred direction as the con#ning geometry decreases in 
length scale and increases in anisotropy.

Interestingly, the networks appear to be rather homogeneous 
for all chamber sizes (down to 5 µm) and aspect ratios (cf. Figure 2). 
!is result is surprising in light of prior studies of networks con#ned 
in spherical con#nement (vesicles (Limozin et al., 2003) and emulsion 
droplets (Claessens et al., 2006a)), where networks formed peripheral 
shells below 10-15 µm, which coincided with the persistence length of 
actin #laments.

Con!ned networks of bundled actin !laments. So far we 
investigated the e$ect of an external con#ning geometry on entangled 
networks of actin #laments in the nematic phase. However, actin 
#laments in living systems are o%en assembled into bundles by a variety 
of actin-binding proteins. In order to investigate the combined e$ect of 
crosslink-induced organization and con#nement-induced organization, 
we grow bundles of actin #laments in microchambers. We prepare 
bundles of actin using two di$erent techniques.

We #rst prepared bundles of actin by polymerizing #laments at 
concentrations of 0.5 mg mL-1 in the presence of 20 mM magnesium 
chloride (MgCl2). !e positive, divalent magnesium ions accumulate 
around negatively-charged actin #laments to form a cloud of counterions; 
above a critical concentration of counterions, #laments share counterion 
clouds, which establishes attractive interactions between #laments and 
drives bundling (Tang et al., 1996) and ra% formation (Wong et al., 
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Figure 7. Networks of actin !laments bundled by counterion 
condensation and con!ned to microchambers: [actin] = 0.5 mg mL-1, 
[MgCl2] = 20 mM a. Snapshots of actin !laments in microchambers. 
Outlined text denotes chamber aspect ratios dx  /  dy from 1 (square) 
to 10 (long rectangle). Scale bar 20 µm. b. Maps of the orientations of 
#uorescence intensity in each pixel. Color corresponds to orientation 
! of #uorescence intensity distribution (see calibration wheel, right). 
Orientation image was masked by an Otsu threshold of panel a.
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Figure 8. Networks of actin !laments bundled by fascin crosslinks and 
con!ned to microchambers: [actin] = 0.5 mg mL-1, [fascin] = 1.2 µM a. 
Snapshots of actin !laments in microchambers. Outlined text denotes 
chamber aspect ratios dx  /  dy from 1 (square) to 10 (long rectangle). 
Scale bar 20 µm. b. Maps of the orientations of #uorescence intensity in 
each pixel. Color corresponds to orientation ! of #uorescence intensity 
distribution (see calibration wheel, right). Orientation image was 
masked by an Otsu threshold of panel a. 
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2003). Figure 7a depicts networks of actin bundled by MgCl2 con!ned 
to microchambers. "e bundle orientations are shown in Figure 7b. 

We also formed bundles with the crosslink protein fascin. Fascin 
is enriched in cellular structures called !lopodia (Svitkina et al., 2003): 
linear extensions that protrude the plasma membrane in migrating 
cells. Fascin proteins simultaneously bind two actin !laments via two 
actin-binding sites (Jansen et al., 2011), forming bundles with a well-
controlled maximum number of 19 !laments (Claessens et al., 2008). 
We polymerize actin !laments at 0.5  mg  mL-1 in the presence of 1.2 
µM fascin crosslinks. We !nd that fascin bundles organize similarly to 
magnesium-chloride bundles (Fig. 8 a,b).

In order to quantify the e$ect of chamber geometry on the 
distribution of bundle orientation, we plot histograms of orientation 
measurements (Fig. 9), the preferred direction (Fig. 10), and the order 
parameter (Fig. 11). Bundled networks appear to more closely follow 
the chamber diagonal than nematic networks. Figure 10b shows that the 
mean preferred direction <μ>chambers does not deviate from α by more 
than ~10° (compared to up to ~30° for the nematic case), except for 
large chambers (dy > 50 µm). "ese results show that bundled networks 
organize preferentially along the long axis of a rectangular con!ning 
geometry. "ese results are also consistent with a prior study of actin 
networks bundled in the presence of α-actinin� DQG� FRQ¿QHG� ZLWKLQ�
long, narrow microchannels (Hirst et al., 2005).

"e mean order parameter <S>chambers attains values slightly lower 
than those for nematic networks (Fig. 11). "e dependence of the order 
parameter on chamber aspect ratio is also less pronounced. "ese results 
show that bundled networks do not attain the same orientational state 
as nematic networks. "e bundle patterns may represent equilibrium 

(x-axis). b. Phase space of the deviation from expected angle, given 
by the di$erence between the expected orientation α and the mean 
preferred orientation <μ>chambers averaged over many chambers. "e 
x-axis corresponds to chamber aspect ratio, y-axis to chamber length. 
Color corresponds to deviation (calibration bar, below). For number N 
of chambers, see Methods.
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Figure 11. Quantitative analysis of con!ned bundled networks for 
chambers of all dimensions, as in Figure 3c. a. Order parameter (black 
points) for di"erent chamber lengths dy (separate plots) and di"erent 
aspect ratios dx / dy (x-axis). b. Phase space of the mean order parameter 
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structures resulting from a balance of boundary e!ects and linker-
assisted "lament aggregation (Borukhov et al., 2005), but may also be 
in#uenced by kinetic trapping, depending on the balance of the kinetics 
of actin "lament polymerization and bundling (Falzone et al., 2012; 
Huber et al., 2012; Kiemes et al., 2011; Schmoller et al., 2008).

3.3 Discussion

We have shown that an external geometry can strongly in#uence the 
spatial organization of semi#exible polymer networks. Actin "laments 
were found to align preferentially along the long axis of microchambers, 
provided the "laments were either in a nematic liquid crystalline 
network or bundled by counterion condensation or the physiological 
crosslink protein fascin. In contrast, "lament orientations in isotropic 
networks were insensitive to con"nement.

We measured an order parameters S of over 0.9 for con"ned 
nematic liquid crystals (cf. Fig. 3c). $is value is higher than previously 
measured order parameters, which vary in the range 0.4–0.75, as 
measured by optical birefringence and x-ray scattering (Helfer et al., 
2005) and single "lament dynamics (Viamontes et al., 2006a). Similar 
values of the order parameter were measured for suspensions of 
tobacco-mosaic virus (Fraden et al., 1993), bacteriophage fd (Purdy 
et al., 2003), and microtubules (Bras et al., 1998). However, the order 
parameter we measured here is not equivalent to the order parameter 
measured by these techniques, which are sensitive to the di!erences 

<S>chambers averaged over many chambers. $e x-axis corresponds to 
chamber aspect ratio, y-axis to chamber length. Color corresponds 
to mean order parameter (calibration bar, below). For number N of 
chambers, see Methods.
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in !lament orientation on microscopic length scales. In contrast, 
the orientation measurements ! reported here were determined by 
computing the average orientation of a window of 3 px radius around 
each pixel, corresponding to a window of approximately 1 µm in 
diameter. #erefore, our order parameter S does not directly report the 
microscopic arrangements of !laments. Rather, it measures the variance 
of measurements of ! across all pixels investigated. However, the order 
parameter thus determined does give at least a quantitative measure of 
the variation of orientation measurements across an entire chamber. 
Furthermore, our method allows for the quantitative measurement of 
the preferred orientation <!> of the nematic director of liquid crystals. 
In particular, we were able to determine the e$ect of microchamber 
dimensions on the preferred orientation.

An important advantage of our technique is that it can be generally 
applied to confocal microscopy images of any !lamentous network, 
including in-vitro cytoskeletal networks but also networks of synthetic 
!bers like carbon nanotubes (Islam et al., 2004; Puech et al., 2010). 
#us, alignment and nematic ordering can be determined without a 
need for sophisticated techniques such as the PolScope (Gentry et al., 
2009; Viamontes and Tang, 2003; Viamontes et al., 2006b) or polarized 
%uorescence (Coppin and Leavis, 1992), which may be especially 
di&cult to combine with con!nement in microchambers. Importantly, 
the technique is applicable to a broad range of di$erent images, being 
able to extract orientation information even when the length scales of 
the !laments or the network mesh size are below the di$raction limit. 
Our method could be applied also to images of the cytoskeleton in cells. 
#is would for instance be interesting in the context of the orientation 
distribution of actin !laments in the lamellipodium of migrating 
cells, which protrude by directed polymerization of a branched actin 
network (Mogilner and Oster, 2003; Quint and Schwarz, 2011; Schaus 
et al., 2007; Weichsel and Schwarz, 2010), where our analysis could 
provide information complementary to more labor-intensive !lament 
reconstruction of electron tomography data (Maly and Borisy, 2001; 
Urban et al., 2010; Verkhovsky et al., 2003; Weichsel et al., 2012; Yang 
and Svitkina, 2011).

#e e$ect of a con!ning boundary on the spatial organization of 
the actin cytoskeleton of living cells remains an open question. Based on 
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our in-vitro results, we expect the cell boundary to play a signi!cant role. 
Although cells regulate actin-based structures via speci!c interactions 
with accessory proteins, more general physical mechanisms such as the 
e"ect of depletion (Marenduzzo et al., 2006) or con!nement could assist 
such organization. Our results demonstrate the need for better physical 
models that so far cannot account for the e"ect of spatial con!nement 
on entangled and nematic semi#exible polymer networks. A better 
theoretical understanding is necessary in determining the extent of 
physical forces in determining cytoskeletal organization.

3.4 Methods

Protein preparation. Lyophilized monomeric G-actin was 
purchased from Cytoskeleton (via Tebu-Bio). Resuspended G-actin was 
stored in G-bu"er (2 mM Tris, 0.2 mM sodium adenosine-triphosphate, 
0.2 mM calcium chloride, 0.2 mM dithiothreitol, pH 8.0), stored at 0 °C, 
and used within one week. Actin monomers were labeled with Alexa 
Fluor 594 (Invitrogen) and mixed with unlabeled monomers to yield 
a 10% molar ratio of dye to protein. Recombinant mouse fascin was 
prepared from T7 pGEX E. coli, as described elsewhere (Gentry et al., 
2012). %e fascin plasmid was a kind gi& from Scott Hansen and R. Dyche 
Mullins (UC, San Francisco). Protein concentrations were determined 
by measuring the solution absorbance at 280 nm with a NanoDrop 
2000 (%ermoScienti!c, Wilmington, DE, USA), using extinction 
coe'cients, in M-1 cm-1, of 26600 (actin (Pardee and Spudich, 1982)), 
and 66280 (fascin, computed from amino acid sequence (Artimo et al., 
2012)). 

Microchamber preparation. Microchambers were assembled 
using a standard photolithographic technique. In short, glass cover 
slips were spin-coated with a layer of photoresist and exposed to UV 
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light patterned by a customized mask. Before spin-coating, cover slips 
(thickness #1, Menzel Gläser) were cleaned with base piranha (water, 
30% ammonium hydroxide, 30% hydrogen peroxide at a ratio of 5:1:1; 
75 °C for 15 min), followed by rinsing with water and baking (200 °C, 5 
min). Cover slips were coated (Delta 80 GYRSET, SUSS MicroTec; spin 
speed 3000 rpm) with a negative photoresist (SU-8 2005, MicroChem). 
Layer thickness was adjusted by diluting photoresist with cyclopentanone 
by approximately 10–20% and measured by a pro"lometer (Alpha-
Step 500, KLA-Tencor). Coated cover slips were then baked (95 °C, 5 
min) before exposure to ultraviolet light (only wavelengths above 365 
nm, BG-12 bandpass "lter, Schott) in a mask aligner (MJB, Karl Süss; 
typical dosage: 50–100 mJ cm-2). Patterning was achieved through 
custom-designed mask of chromium features printed on soda-lime 
glass (DeltaMask). Mask design included square and rectangular 
geometries with various dimensions. Chamber lengths dy were 3, 5, 10, 
15, 20, 30, 50, 70, and 100 µm. For each length dy, various aspect ratios 
dx / dy were designed, ranging from 1, 1.5, 2, 3, 5, 7, and 10. #is results 
in 56 possible geometries. However, an upper bound of resolution of 
~1–3  µm prevents the smallest and thinnest patterns from properly 
forming. Exposed cover slips were baked (95 °C, 5 min), developed 
(2-methoxy-1-methylethyl acetate, MicroChem; 1–2 min), rinsed with 
isopropanol, and ultimately hard-baked (150°C, 2h). #is process results 
in a glass substrate with photoresist microchambers. Next, lids were 
created by coating microscope slides (Menzel Gläser) with a layer (~1 
mm thick) of polydimethylsiloxane rubber (Sylgard 184, Dow Corning; 
10:1 base:curing-agent w/w ratio; 120 °C, 5 min). Rubber-coated glass 
was rendered hydrophilic by corona discharge (BD-20V high-frequency 
generator, Electro-Technic Products) and soaked overnight in G-bu$er 
+ 0.1% amphiphilic block copolymer Pluronic F-127 (Sigma-Aldrich) 
to block nonspeci"c adsorption of actin "laments to the surface of the 
chambers. Saturation of the PDMS with bu$er prevented drying of the 
sample.

Con!nement Assay. To polymerize actin "laments, we added a 
solution containing salts and bu$er to a tube containing monomeric 
G-actin (10% label-to-monomer molar ratio). Samples were mixed to 
yield a "nal bu$er composition of 20 mM imidazole pH 7.4, 50 mM 
potassium chloride, 1 mM dithiothreitol, and 0.1 mM adenosine 
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triphosphate. In addition, 1 mM trolox, 2 mM protocatechuic acid, 
and 0.1 µM protocatechuate 3,4-dioxygenase were added to minimize 
photobleaching. Furthermore, actin !laments were stabilized with 
phalloidin in all cases. Freshly mixed samples were immediately mixed 
with phalloidin (in an amount equimolar to actin monomers) dried on 
a patterned glass slide, and pressed against the rubber-coated glass to 
form closed microchambers. A"er hermetically sealing glass edges with 
VALAP (equal parts vaseline, lanolin, and para#n wax), samples were 
le" to equilibrate for 30 mins and subsequently visualized by $uorescence 
microscopy. Only chambers that were well-sealed were considered, 
amounting to approximately 40% of all chambers. Chambers that were 
not well-sealed were evident by the presence of $uorescently labeled 
actin between chambers at the interface between patterned glass and 
rubber lid.

Fluorescence microscopy. Microchambers were visualized 
with a confocal point scanner (Nikon) on an inverted microscope (Ti, 
Nikon) with a photomultiplier tube detector (A1, Nikon). Labeled actin 
!laments were excited with 561 nm laser light (Coherent). Images were 
acquired over several !elds of view which were automatically acquired 
and stitched (NIS Elements, Nikon). %e orientations ! of all image 
pixels were determined by image analysis with the freely-available 
plugin OrientationJ (KWWS���ELJZZZ�HSÀ�FK�GHPR�RULHQWDWLRQ�), 
using a Gaussian window with radius "  =  3  px (see Image Analysis). 
%e orientation distributions serve as input for calculating the order 
parameter and preferred orientation (see below).

Scalar order parameter. Given a collection of orientation 
measurements ! of pixels of a chamber in the range [-90°, 90°), we !rst 
compute the second-order tensor order-parameter S2 (Hess and Köhler, 
1980):

S2 =
!

!cos2!" !sin2!"
!sin2!" #!cos2!"

"

.
Angle brackets <·> denote arithmetic means over all measurements. %e 
tensor S2 is symmetric and traceless. Solving the eigenvalue problem for 
S2 yields two eigenvalues

!± =±
!

!cos2""2 + !sin2""2 =±S ,
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which are equal to the scalar order-parameter S. !is order parameter 
quanti"es the width of the distribution of orientation measurements. It 
is zero for a uniform distribution of orientations, and approaches one 
for a sharply-peaked distribution. !e eigenvector !+ corresponding to 
the eigenvalue λ+ points in the preferred orientation, which we denote by 
<θ>S and compute with the following formula:

!!"S = arctan
!
"+,x

"+,y

"

,
where λ+,x and λ+,y denote the x- and y-components of the eigenvector 
!+. Angle brackets <·>S do not denote an arithmetic mean, but rather 
computation of the preferred direction given the tensor S2. Note that 
this value does not make any assumptions about the distribution of 
measured values of θ.

Rectangular symmetry. Square and rectangular chambers exhibit 
two identical diagonals with angles ±α. !is arises from the two-fold 
symmetry of rectangles. We therefore do not distinguish chambers with 
preferred orientations ±<θ>S. In order to account for this symmetry, we 
multiply all pixel orientation measurements θ of a chamber by a factor 
of sgn(<θ>S) = ±1. For this reason, the distributions shown in Figure 
4 and Figure 9 are unimodal, centered around a positive angle, rather 
than bimodal. We use the symbol μ = abs(<θ>S) to refer to the preferred 
orientation of a chamber a$er accounting for the absolute value. Note 
that μ only varies in the range (0°, 90°], rather than (-90°, 90°] for <θ>S.

Chamber-ensemble averages. In order to quantify the preferred 
direction given a chamber geometry, we compute the arithmetic mean 
of values of μ across identical chambers. Similarly, we quantify the 
average order parameter of a chamber geometry by computing the 
arithmetic mean of values of S across identical chambers. We denote 
these ensemble averages with angle brackets <·>chambers.

Number of chambers analyzed. A total of 3075 chambers were 
analyzed: 1470 nematic chambers, and 1605 bundled chambers (800 
fascin, 805 MgCl2). Number of chambers N for aspect ratios dx / dy = [1, 
1.5, 2, 3, 5, 7, 10] are as follows. Isotropic: dy = 5: [53, 46, 55, 55, 39, 58, 
71]. dy = 10: [30, 44, 51, 53, 48, 53, 54]. dy = 15: [47, 45, 45, 43, 37, 48, 
39]. dy = 20: [33, 31, 33, 32, 28, 24, 23]. dy = 30: [24, 23, 22, 18, 17, 16, 
16]. dy = 50: [15, 15, 16, 14, 3, 11, 1]. dy ≥ 70: [9, 9, 8, 7, 5, 2, 1]. Bundled: 
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dy = 5: [43, 67, 74, 75, 68, 86, 75]. dy = 10: [66, 67, 65, 59, 58, 66, 60]. dy 
= 15: [50, 47, 45, 43, 38, 43, 37]. dy = 20: [31, 28, 27, 30, 26, 29, 29]. dy = 
30: [21, 21, 20, 14, 13, 17, 11]. dy ≥ 50: [13, 13, 9, 8, 5, 5, 3].

3.5 Image Analysis

"e con#ned actin networks studied so far are homogeneous. "ese 
results were all obtained with gel-#ltered actin. In earlier experiments in 
collaboration with Marina Soares e Silva and Jeanette Nguyen, we studied 
networks of non-gel-#ltered actin in microchambers and observed 
besides alignment also con#nement-induced bundling (Soares e Silva, 
2011; Soares e Silva et al., 2011a). A typical example is shown in Fig. 12a. 
Actin #laments prepared from non-gel-#ltered actin are shorter than 
#laments prepared from gel-#ltered actin, since gel-#ltration removes 
oligomers, which may act as seeds, and capping proteins. Potentially, 
depletion attractions promoted by short actin #laments in combination 
with quasi-2D con#nement may bundle the longest #laments in the 
polydisperse distribution of #lament lengths (Soares e Silva, 2011; 
Soares e Silva et al., 2011a). In addition, gel #ltration may remove 
residual crosslinker proteins such as α-actinin, which may potentially 
also account for the bundling seen for non-gel-#ltered actin. However, 
we note that bundling was only observed in con#nement. 

To quantify the degree of #lament bundling, we developed an 
extension of the orientation analysis, which we will outline in this section. 
We constructed a bundling parameter B, where B = 0 corresponds to 
unbundled networks and B = 1 corresponds to purely bundled networks. 
We also developed a technique for determining the radial distribution of 
actin #laments in microchambers. "ese techniques use a combination 
of MATLAB and ImageJ commands, including the plugin OrientationJ. 
First, we shall introduce OrientationJ and brie&y describe its outputs 
before describing our analysis techniques.



106

0

1 C D

B

0°

90°

-90°

A

!"min

!"max

Figure 12. OrientationJ. a: Example input image I(x,y) of a !uorescently 
labeled actin network con"ned to a circular microchamber, 
[actin] = 5 mg mL-1, [gelsolin] / [actin] = 1⁄370, chamber diameter = 40 µm 
and depth = 5 µm. Scale bar 10 µm. Inset: Close-up of dashed box, with 
the eigenvectors !min and !max of the center pixel’s structure tensor J. 
Note that !min points in the direction of the bundle. b: Orientation 
!(x,y) of panel a. Pixel hues correspond to ! according to the legend 
(right). Dashed box denotes same area as in panel a. Note that it encloses 
magenta pixels, which correspond to approximately 60°. c: Coherency 
c(x,y) of panel a. Pixel intensities correspond to c according to the 
calibration bar, le$. Dashed box same as panel a. Note that it encloses 
higher coherency values than the low-coherency, isotropic region right. 
d: Color survey of panel a. Dashed box same as panel a. Note that hue 
matches that of panel b and grey (low-saturation) values match locally 
isotropic areas.

OrientationJ. %is plugin was written by Daniel Sage at the 
Biomedical Imaging Group, EPFL, Switzerland and originally designed 
to quantify the orientation of elastin (Fonck et al., 2009) and collagen 
(Rezakhaniha et al., 2012) "bers. OrientationJ quanti"es the anisotropy 
of features found in an image of pixel intensities I(x,y) (Fig. 12a). Among 
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its several outputs, we use the coherency c(x,y) and orientation !(x,y) 
for our analysis. !ese quantities derive from the structure tensor J(x,y), 
de"ned by the spatial gradients of I(x,y):

J(x, y) =
! "

ROI d x d y !x I (x, y) ·!x I (x, y)
"

ROI d x d y !x I (x, y) ·!y I (x, y)"
ROI d x d y !x I (x, y) ·!y I (x, y)

"
ROI d x d y !y I (x, y) ·!y I (x, y)

#

.
!e region of interest (ROI) around each pixel (x,y) is a Gaussian 
window with a user-de"ned width ". !is is the only freely-variable 
input parameter, which should match the desired feature size.

Diagonalizing the structure tensor J yields two eigenvalues #min 
and #max whose eigenvectors !min and !max point in the direction of 
the minimum and maximum changes in pixel intensity, respectively 
(Fig. 12a, inset). !e dominant orientation ! of a region is given by the 
direction of !min (Fig. 12b). !e relative di#erence between #min and 
#max, called the coherency c, serves as a measure of a region’s anisotropy 
(Fig. 12c):

c = !max !!min

!max +!min.
We rely on the coherency to quantify the presence of bundles. 
OrientationJ furthermore produces a so-called “color survey” (Fig. 
12d): an RGB image where the orientation !(x,y) determines its hue, the 
coherency c(x,y) determines its saturation, and the original image I(x,y) 
determines its brightness.

Bundle Parameter. Fluorescence microscopy is well suited to 
detect the presence of bundles in a labeled "lamentous network. Bundles 
are detectable because (i) they are brighter than the surrounding 
unbundled network, owing to the spatial condensation of "laments and 
(ii) they are long and thin, owing to the linear structure of the component 
"laments. In order to automatically detect the presence of bundles in 
an image, we developed an algorithm based on these two properties. 
For a pixel to belong to a bundle, we require that (i) it is brighter than 
background pixels and (ii) neighboring pixels’ intensities vary slowly 
along the direction of the bundle but quickly in the orthogonal direction. 
Standard thresholds satisfy requirement (i), and the coherency output 
from OrientationJ satis"es requirement (ii). We combine these methods 
in a six-step process (Fig. 13) comprising ImageJ and MATLAB scripts. 
By processing images of many di#erent chambers, we produce an 
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Figure 13. Bundle parameter. a: Example input image, [actin] = 5 mg mL-

1, [gelsolin]  /  [actin]  =  1⁄370, chamber diameter  =  30  µm, chamber 
depth  =  5  µm. Scale bar 10  µm. b: Six-step algorithm for processing 
images. Step 1: crop to the largest rectangle "tting the chamber 
(panel a, dashed box). Step 2: bandpass "lter. Step 3: threshold with 
Kapur’s method. Step 4: coherency of cropped image from Step 1. 
Pixel intensities vary with calibration bar, le#. Step 5: multiply images 
from Steps 3 & 4. Pixel intensities vary with calibration bar, le#. Step 
6: mean of intensity distribution of nonzero pixels from Step 5. Red 
bar denotes mean intensity, which determines the bundle parameter B. 
For the image in panel a, the bundle parameter is 0.79. Calibration bar, 
below, corresponds to Step 5. c: Determining the bundle parameter for 
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ensemble-averaged bundle parameter B for every chamber geometry 
and biochemical condition investigated.

Brie!y, we threshold images to "nd the brightest pixels, and use 
this to mask the coherency image. Bright pixels in this masked image 
satisfy both requirements for bundling. We now present each step, 
followed by a discussion of the parameter choices.

Step 1: Crop. We manually crop each image (Fig. 13a) to the 
largest rectangle "tting inside the chamber (Fig. 13b.1). #is step avoids 
artifactual coherencies arising at the chamber edges (cf. Fig. 12c).

Step 2: Bandpass Filter. We apply the ImageJ “FFT Bandpass 
Filter” routine (Fig. 13b.2). #is step introduces two freely variable 
parameters that determine which spatial frequencies to preserve. We 
choose to remove features below 2px (camera noise) and above 30px 
(uneven illumination, blooming). Because bundles are typically ~5px 
thick, their structure is preserved in the "lter. #e choice of 30px is 
discussed below.

Step 3: !reshold. We apply Kapur’s threshold method (Fig. 
13b.3), known in ImageJ as “Maximum Entropy”, discussed below.

Step 4: Coherency. We apply OrientationJ to the cropped image 
from the "rst step and extract the coherency image (Fig. 13b.4). #is 
step introduces another variable input parameter which determines 
the width of the ROI around each pixel. We choose the typical bundle 
thickness of 5px for this value.

Step 5: Multiply. We multiply the images from the second 
and fourth steps, e$ectively masking the coherency image with the 
thresholded image (Fig. 13b.5).

Step 6: Average. We calculate the mean pixel intensity, averaged 
over nonzero pixels (Fig. 13b.6). #is mean de"nes the bundle parameter 
B.

If we eliminate the high-pass cuto$ of 30  px in step 2 or make 
it too high, the resulting thresholds become inaccurate, passing more 

a chamber lacking bundles. [actin] = 1 mg mL-1. Note that the bundle 
parameter decreases to 0.27 due to the lack of bundles in the original 
image.



110

Bu
nd

le
 P

ar
am

et
er

F

B

A

C

D

E

[Gelsolin] : [Actin]
0 1:740 1:370 1:185

0

0.2

0.4

0.6

0.8

1

 

 None
Otsu
Kapur
Yen

Figure 14. Dependence of the bundle parameter on threshold. a: A 
sample input image, [actin] = 5 mg mL-1, [gelsolin] / [actin] = 1⁄740, pill-
shaped chamber with xy-dimensions = 60 µm x 30 µm and depth = 5 µm. 
b: Cropped version of panel a along dashed box. c-e: "reshold of panel 
b a#er bandpass $lter, according to the method of Otsu (c), Kapur (d), 
and Yen (e). f: Dependence of threshold on bundle parameter for four 
conditions of constant actin concentration (5 mg mL-1) and of increasing 
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background pixels next to regions with many bundles that appear 
brighter due to blooming. Setting the high-pass cuto! too low results 
in thresholds that may more closely resemble bundles, but include too 
many dark pixels of the original image, contrary to requirement (i). "e 
choice of 30px represents a trade-o! between these two limits, though 
this value does not signi#cantly a!ect the bundle parameter.

"e threshold in the third step has no variable input parameters, 
but the choice in algorithm requires discussion. Figure 14a,b show 
an extreme example of a chamber where the bundle parameter is 
very sensitive to the choice in threshold algorithm. In this image, the 
boundary between bundle and background is unclear. Here, a permissive 
threshold allows more low-coherency background pixels to pass (Fig. 
14c). A more restrictive threshold allows only the brightest pixels to 
pass (Fig. 14d,e), producing a more accurate mask in accordance with 
requirement (i).

By comparing di!erent threshold methods on di!erent types of 
images, we found that Otsu’s method, a widely-used threshold algorithm, 
is fairly permissive and allows many background pixels to pass (Fig. 
14c). More recent methods based on information theory seem to more 
accurately separate bundles from their background. Kapur’s method 
(Fig. 14d), known as “Maximum Entropy” in ImageJ, maximizes the 
combined entropy of the pixel intensity distributions of the foreground 
and background, de#ned as (Kapur et al., 1985)

S =!
1!

I=0
p(I ) log2 p(I )

gelsolin concentration. Black crosses denote no threshold, gray circles 
Otsu’s method, red squares Kapur’s method, yellow triangles Yen’s 
method. Error bars indicate standard deviations of ensemble averages 
over N = 177, 43, 70, and 48 chambers for [gelsolin] / [actin] = 0, 1⁄740, 
1⁄370, and 1⁄185, respectively. Below: unprocessed representative images of 
each condition. Every chamber has diameter = 40 µm and depth = 5 µm. 
Scale bar 10 µm.
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Yen’s method (Fig. 14e) minimizes a cost function that considers the 
discrepancy between thresholded and original images along with the 
number of bits needed to represent the original image (Yen et al., 1995).

Fig. 14f shows how these thresholding algorithms a!ect the bundle 
parameter. In the absence of a threshold (black crosses), the bundle 
parameter does not change with gelsolin concentration, even though 
bundles are clearly visible in the original images (Fig. 14f, below). Otsu’s 
method (gray circles) yields an increase in the bundle parameter but, 
because it averages over more background pixels and hence over more 
low-coherency pixels, yields a lower bundle parameter than Kapur’s (red 
squares) and Yen’s (yellow triangles) methods, especially for [gelsolin] : 
[actin] = 1:740, which produce more accurate thresholds.

"e need for an accurate threshold re#ects a conscious design 
principle behind the bundle parameter: we consider only the coherency 
of pixels that pass the threshold, but do not normalize against chamber 
volume. Rather than characterizing volume fractions of bundles, we 
only seek to quantify the degree of bundling, re#ected in requirements 
(i) and (ii) given above.

Edge Accumulation. Besides bundling, we also observed 
inhomogeneous distributions of non-gel-$ltered actin in microchambers. 
Prior studies of actin networks in spherical con$nement (vesicles 
and emulsion droplets) showed that actin $laments tend to adopt a 
peripheral localization in order to minimize $lament bending. To 
test whether such edge accumulation also occurs in microchambers, 
we developed an image analysis routine to quantify the dependence 
of #uorescence intensity in each chamber as a function of the radial 
distance from the chamber center. To this end, we developed a $ve-step 
process comprising a MATLAB script (the “onion peel” algorithm). 

Brie#y, we threshold the complete image of a chamber to $nd 
its boundary and then “peel” away layers from this threshold. Pixels of 
the same peel are equidistant from the chamber boundary/center. We 
then separate the original image into a series of peels and plot the mean 
intensity of each peel against the distance from the chamber center. We 
now present each step in more detail:

Step 1: Median !lter. We median $lter the original image (Fig. 
15a) with a circular kernel of radius 10px (Fig. 15b.i). We choose 
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this !lter because it smoothes the image but preserves edges. "is is 
necessary to accurately detect chamber boundaries.

Step 2: !reshold. We apply Otsu’s threshold method, which 
in this case accurately captures chamber boundaries (Fig. 15b.ii). 
Kapur’s and Yen’s methods (Fig. 15b.iii and iv, respectively), being more 
restrictive as discussed previously, capture details inside the chamber 
but not its boundary. Applying Otsu’s method to the original image, 
without median-!ltering, also results in an inaccurate threshold (Fig. 
15b.v).

Step 3: “Peel-the-onion: loop”. We erode the threshold by one 
pixel and subtract the result to recover a ring of pixels corresponding to 
the chamber’s boundary (Fig. 15b.vi, “onion skin”). We loop this process, 
where each iteration j yields a series of images (Fig. 15b.vii,viii, “peels”) 
and continues until the !nal iteration which corresponds to the center 
of the chamber (Fig. 15b.ix, “onion core”). Eroding this image would 
yield a dark image with no white pixels. We furthermore convert loop 
iteration j into a unitless distance from boundary by dividing j by the total 
number of iterations jtot (58 total iterations for Fig. 15). Transforming by 
x → 1-x yields a unitless distance from center r / rc, where r is a distance, 
normalized by the chamber’s “radius” rc. Note that r and rc correspond 
to real radii for circular chambers, though for pill-shaped chambers, r 
corresponds to a minimum distance from the “onion core” (Fig. 15b.ix).

Step 4: Multiply. We multiply each peel with the original image. 
"is yields a series of images (Fig. 15b.x-xiii) which chop the original 
image into component peels. Because each pixel corresponds to one 
and only one onion peel, the original image is faithfully decomposed 
according to equivalence classes based on distance from boundary.

Step 5. Mean. We compute the mean I of the intensity distribution 
of every peel (Fig. 15b.xiv-xvii), averaged over nonzero pixels, as in Fig. 
15b.1. Because most peels comprise hundreds of pixels (see caption, Fig. 
15b.xiv-xvii), we do not require spatial !ltering to become insensitive 
to camera noise. However, because inner peels comprise fewer pixels, 
noise increases as r approaches 0.

We furthermore compute the chamber median Im, de!ned as the 
median of the product image between the original image (Fig. 15a) 
and the threshold (Fig. 15b,ii), and normalize I by Im. We choose to 
normalize against the median as opposed to the mean because of a 
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Figure 15. Edge accumulation analysis (“onion peel algorithm”). a: 
Example input image, [actin] = 5 mg mL-1, [gelsolin] / [actin] = 1⁄740, pull-
shaped chamber with xy-dimensions = 60 µm x 30 µm and depth = 5 µm. 
Scale bar 10 µm. b: Five-step algorithm for processing images. i: Step 
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1: median !lter. ii-iv: Step 2: threshold with the method of Otsu (ii), 
Kapur (iii), and Yen (iv). v: Otsu threshold of the original image (panel 
a). vi-ix: Step 3: “onion peels” corresponding to loop iteration j=1 (vi, 
“onion skin”), 20 (vii), 40 (viii), and 58 (ix, “onion core”). x-xiii: Step 
4: multiply with original image (panel a). xiv-xvii: Step 5: normalized 
intensity distribution of nonzero pixels of (x-xiii). x-axes denote pixel 
intensity. Calibration bars correspond to (x-xiii). Ordinates denote 
normalized frequency with maximum frequencies 44, 17 , 12, and 6 (xiv-
xvii, respectively). Red bars denote mean intensity I, ensemble-averaged 
over total number of pixels 551, 467, 356, 162 (xiv-xvii, respectively). c: 
Plot of I / Im versus r / rc. Calibration bar at x-axis roughly corresponds 
to label color in (b.vi-ix). Sampling frequency of x-axis is 58-1 = 0.017. 
Inset: combining all 58 images from step 3 and shading according to 
iteration j yields a level set. Pixel color map corresponds to calibration 
bar, below, and to x-axis in main panel.

systematic decrease in intensity as r  /  rc approaches 1. #is decrease 
corresponds to a di$use, di$raction-limited boundary between 
chamber and background. #e median is insensitive to this systematic 
decrease. We then plot I / Im as a function of r / rc, yielding the desired 
%uorescence intensity as a function of distance from center (Fig. 15c). 
In the example shown, there is no obvious radial dependence of the 
%uorescence intensity.
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