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Supplementary materials and methods

Image preprocessing

Every image of microtubules and vimentin IFs is processed following the workflow shown in

Fig. 1 to ensure the same position and orientation of the cell. First, images of crossbows

are rotated by 180◦, if necessary. Second, all cell images are spatially shifted based on a

segmentation of the interior of the cell: Each microtubule image is uniquely background

corrected by subtracting the minimum intensity value. A Gaussian filter is applied and the

image is binarized by thresholding with Otsu’s method. Any small holes remaining in the

segmented cell area are filled and a binary erosion is applied. The resulting binary image

is shifted to position the center of mass at the same pixel for all images. This aligned,

segmented cell image Isegm is used as an auxiliary image for further analysis steps. The same

shift that is used for the segmented image is applied to the correctly oriented fluorescence

image to obtain an aligned fluorescence image as the starting point for all further analysis.
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Figure 1: Workflow for preprocessing of all fluorescence images. All cells are aligned with
respect to each other in terms of orientation and position. The aligned image Isegm is used
as an auxiliary image for further analysis steps.
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Binary cell area mask

A binary mask for the typical area of NIH3T3 cells is created by overlaying all segmented

cell images Isegm of NIH3T3 cells of the same shape as schematically illustrated in Fig. 2.

To exclude outliers of unusually large cell shapes only pixels belonging to more than 10% of

all the segmented cells constitute together the binary cell mask.

Figure 2: Workflow of processing steps to create a binary mask for cells of one category.
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Microtubule skeletonization and filament extraction

The coordinates of the microtubules are extracted following a skeletonization procedure that

is adopted from CytoSeg2.01 and represented in Fig. 3. A “tubeness filter” is applied to the

aligned normalized fluorescence image of microtubules by computing the Hessian matrix of

the intensity at each pixel and taking the negative of the smallest eigenvalue. The manually

chosen parameter vwidth is required as input for a measure of the width of the filaments.

The tubeness-filtered image is binarized with an adaptive threshold based on a Gaussian

weighted mean of the surrounding of each pixel. The standard deviation of the Gaussian

for this threshold is determined by the second required input parameter vthresh. The bina-

rized image is then skeletonized2 and a cell mask defining the cell area is applied to set all

pixels outside of the region of interest to zero. The skeletonized image is further “cleaned”

by removing skeleton components for which the mean intensity in the fluorescence image is

lower than vint times the mean intensity of the entire cell and removing skeleton components

that are shorter than the threshold length vsize. All cells are processed with the same four

input parameters vwidth, vthresh, vint and vsize chosen such that after visual inspection the best

possible skeletonization is achieved.

In the skeletonized microtubule networks, intersections (“nodes”) of microtubules and end-

points of microtubules are defined as skeleton pixels with more than two neighboring skeleton

pixels or only one neighboring skeleton pixel, respectively (“neighboring” refers to horizontal,

vertical or diagonal connections). All other skeletonized pixels with exactly two neighbors

are regarded as filament pixels. Filament pixels connected directly to each other form one

filament together with the start and end node/endpoint. The pixel coordinates of such a

filament are extracted by an algorithm that starts at one node or endpoint pixel, searches

the next neighboring filament pixel, continues from this filament pixel to search the next one

and repeats stepping forward until a node or endpoint is reached. The process is repeated

until all filament pixels have been attributed to one filament. Note that one filament re-

sulting from this extraction process corresponds to one segment of a real microtubule only,
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since the filament tracing does not continue across nodes. For simplicity, we still refer to

these extracted filament segments as filaments. For the subsequent curvature analysis only

filaments that are longer than 20 pixels are taken into account and for each filament the

outer 3 pixels on each side are omitted to reduce the effect of skeletonization artifacts.
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Figure 3: Workflow of the skeletonization and filament extraction procedure from micro-
tubule fluorescence images. The four manually chosen parameters vwidth, vthresh, vint and vsize

are required as input for the skeletonization algorithm. From the skeletonized microtubules,
the coordinates of the segments between nodes are extracted. The colors for the extracted
filaments serve only to differentiate between different segments. The node pixels are repre-
sented in black and can belong to several filaments at the same time. For the subsequent
curvature analysis only filaments longer than 20 pixels are considered and their outer 3 pixels
on each side are omitted.
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Principal component analysis of curvature histograms

Figure 4: Workflow for the principal component analysis of curvature histograms.
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Calculation of average microtubule curvature in dependence of vi-

mentin IF density and corresponding confidence bands

Let n ∈ N be the total number of pixels, for which we perform the curvature analysis in the

cell images, and g ∈ N the total number of the detected filaments. (In our case, we have that

n = 638 427 and g = 34 518 for the crossbows and n = 629 641 and g = 35 820 for the circles.)

For every pixel we measure the curvature value y, the vimentin intensity x and its length v.

Hence, our dataset for this analysis consists of n triplets of values (x1, y1, v1), . . . , (xn, yn, vn).

To study the relation between the curvature and the vimentin intensity, we consider a

weighted rolling average function (conditional kernel regression estimator) m̂ : R → R given

by,

m̂(x) =

∑n
i=1 yivi k(xi,x)∑n
i=1 vi k(xi,x)

(1)

where we used a normal kernel

k(xi,x) =
1

h
√
2π

e
1
2(

xi−x

h )
2

and a standard deviation of h = 0.1. For a fixed x ∈ R this statistic of the data constitutes

an approximation of the average curvature of a segment of a filament, conditioned on its

vimentin intensity being equal to x.

In order to quantify the variability of the estimated curvature, we also provide pointwise

confidence bands for the population counterpart of m̂(x), which can be thought of as the

limit value we would obtain if we had access to data from an infinite number of cells. Even

though the finite sample distribution of m̂(x) is unknown, we can determine the confidence

interval using a cluster bootstrap procedure3. This procedure consists in sampling g = 35 820

times for circles and g = 34 518 for the crossbows with replacement from the detected

filaments (clusters) F1, . . . ,Fg, instead of sampling from the pixels. We then construct our

bootstrapped datasets by considering the curvature, vimentin intensity and weight of the
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pixels that constitute the sampled filaments. This clustered resampling method has the

advantage of taking into account the strong correlation between curvature values of pixels

that belong to the same filament. After constructing B = 1000 resampled datasets, we

compute the corresponding bootstrap replicas m̂(j), with j = 1, . . . ,B, as in Eq. (1). For

each, x ∈ R we can then determine a basic bootstrap confidence interval I(x) ⊂ R, also

known as the reverse percentile interval, given by:

I(x) = (2m̂(x)−m∗
(1−α/2)(x), 2m̂(x)−m∗

(α/2)(x))

where m∗
(1−α/2)(x) denotes the 1−α/2 percentile of the bootstrapped replicas m̂(1)(x), . . . , m̂(1000).

We set α = 0.05 to calculate a 95% pointwise confidence band.
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