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Abstract

Collagen networks are key structural components of connective tissues, and their unique me-
chanical properties are linked to their hierarchical structure. Changes to the network architec-
ture are often associated with altered mechanics and pathological conditions such as fibrosis.
While prior works have shown that collagen network topology (i.e. connectivity) dominantly
controls the nonlinear elasticity and fracture behavior, network topology is primarily inferred
from model fitting to rheological measurements, and it is unknown how the microstructure
may influence other aspects of the mechanical behavior. In this thesis, we explore the mi-
crostructure and bulk shear mechanics of collagen I networks with a confocal fluorescence mi-
croscope and a stress-controlled rheometer. In the first chapter of the thesis, we present ToFiE,
a topologically-aware fiber extraction workflow we developed and validate its ability to cap-
ture the network connectivity using simulated images of synthetic networks. We successfully
apply the ToFiE workflow to real 3D confocal fluorescence images of collagen networks and
find a non-monotonic change in the fiber length, the degree of bundling, and the average con-
nectivity of the network at different collagen concentrations and polymerization temperatures.
Our findings provide quantitative insights into the different collagen microstructures, and also
introduce an automated image analysis tool to extract topology from microscopy images. In
the second chapter of the thesis, we investigate the stress-dependent deformation dynamics of
collagen networks, an unexplored side of their mechanics. We demonstrate for the first time
that collagen networks exhibit two transient peaks in viscosity in the nonlinear elastic regime:
one at the onset of stretching-dominated rigidity corresponding to a second order mechanical
phase transition, and one at the maximum stiffness. These findings advance our fundamental
understanding of their mechanics. Altogether, the thesis establishes a strong foundation for
further exploration of the structure and mechanics of collagen networks.
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Introduction

Disordered and underconstrained networks are well-studied in the field of soft matter physics
for their interesting mechanical properties. These networks exhibit floppy modes under low
strains, transitioning to geometric rigidity at higher strains. Their disordered structure pro-
vides protection against fracture. Additionally, small changes in the network properties and
connectivity can significantly alter their mechanical behavior [1, 2] (Figure 1). Remarkably,
these networks also occur in nature: biopolymer networks such as collagen, fibrin, and actin
at low crosslinker density are a few examples [3, 4, 5]. Compared to simulations of disordered
and underconstrained networks, the biological complexity of collagen’s hierarchical structure
(fiber bundling, monomer slippage, weak crosslinks) introduces additional mechanical behav-
iors that are not fully understood. The rich mechanics of collagen make it a popular biomaterial
choice for tissue engineering and for 3D in vitro cell culture scaffolds. Research has shown that
changes in the biophysical properties of the collagen matrix can influence cellular behavior,
guiding differentiation and promoting directed cell growth [6, 7]. The mechanical behavior of
collagen is unique compared to classic engineering materials and could serve as inspiration for
the design of metamaterials. Considering the wide range of applications for collagen-based
biomaterials, a deeper understanding of its structure and mechanics is essential.

The scope of my thesis is exploratory in nature: to investigate the mesoscale structure and bulk
shear mechanics of reconstituted collagen I networks. As previous works have highlighted the
importance of collagen network connectivity in the bulk shear mechanics [3, 8, 9, 10], here
we develop an image-analysis tool for studying the connectivity of collagen networks from
microscopy images. Rheological studies have so far focused on the nonlinear elasticity and
fracture behavior of collagen networks [3, 8, 9, 10]. Here, we test their time-dependent mechan-
ical response in the nonlinear elastic regime, an aspect of the collagen bulk shear mechanics
that is not previously explored.

Figure 1: 2D disordered and underconstrained network. The schematic illustrates the local node
displacements in a simulated network under the shear strain 𝛾0. The deviation of local deformations from the

macroscale shear deformation reaches a maximum at the critical strain 𝛾𝑐. Image from Shivers et al.[2]
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To summarize, the key research objectives of the thesis are to:

1. Develop an automated image analysis workflow for the accurate 3D reconstruction of the
microstructure and connectivity of collagen networks from confocal microscopy images.

2. Investigate the time-dependent mechanics of collagen networks.

The thesis addresses the objectives in two separate chapters. In Chapter 1, we introduce and
validate the performance of our image analysis workflow ToFiE (Topologically-aware Fiber
Extraction), and use it to quantitatively analyze the 3D architecture of collagen networks from
confocal fluorescence microscopy images. This work builds on my previous internship, where
I initially developed ToFiE. The chapter is structured in a shorter paper style format.

In Chapter 2, we investigate the time-dependent bulk shear mechanics of the same collagen
network microstructures imaged in Chapter 1, using rheology. We find that collagen networks
exhibit two transient peaks in dissipation at well-defined stress magnitudes in the high shear
strain regime. Our results provide strong evidence that the first dissipative peak corresponds
to a second-order mechanical phase transition. We explore potential mechanisms behind the
second peak, using insights from our collagen reconstructions in Chapter 1. This chapter is
structured in a longer report style format.



1
ToFiE: A Topologically-Aware Fiber

Extraction Workflow to Study the
Three-dimensional Architecture of

Collagen Networks

1.1. Introduction
Biological connective tissues are complex materials with a vast diversity in their mechani-
cal properties. However they share one mutual component, the load-bearing collagen network,
that plays a crucial role for their mechanical function. Ex vivo studies reveal significant variabil-
ity in the architecture of these networks across different tissues. In tendons, collagen fibers are
organized into aligned, thick bundles whose anisotropic structure gives it high tensile strength
along the dominant orientation, while remaining resilient to repetitive, large stresses [11]. In
the skin, the network is disordered, providing both elasticity and strength necessary for its
function as a protective external barrier [12].

Previous works have highlighted the strong connection between network topology and mor-
phology, and collagen mechanics. Topological parameters, such as connectivity, describe
properties of the network that remain unchanged under continuous geometric deformation. In
contrast, morphological parameters, such as fiber length and orientation, can change as the
network deforms. Lee et al. showed that the circular and spherical variance in fiber orien-
tations from second harmonic generation (SHG) images of the rat cervix correlate with local
measurements of the Young’s modulus obtained by nanoindentation [13]. Hayn et al. showed
that pore size and structural heterogeneity, observed from confocal fluorescence images of col-
lagen matrices, influence local and bulk elasticity measured by atomic force microscopy [14].
It is therefore of great interest to study the collagen network microstructure quantitatively from
microscopy images, and eventually correlate it to the mechanical behavior.

Most structural analyses of collagen networks focus on either 2D projections of the imaged
microstructure [10, 15, 16, 17], or 3D morphological characteristics [12, 18, 19]. Meanwhile,
recent studies combining simulations and rheological measurements of reconstituted collagen
I hydrogels show that the average connectivity of collagen networks governs their linear and
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1.1. Introduction 8

nonlinear elastic behavior, as well as their fracture properties [3, 8, 9, 10]. However, determi-
nation of the average connectivity is so far model-dependent, and an image-based approach to
characterize the topological structure of collagen networks is missing. This can be attributed
to the challenge of distinctly resolving collagen fibers in close proximity as they approach the
resolution limit of optical microscopes, and to the limitations of current image analysis meth-
ods.

Automated methods to study images of fibrous networks can be classified into two main
categories; those that use derivative-based filters or transformations (e.g. Fourier transform,
wavelet transform) to directly extract structural information such as orientation and anisotropy
[20, 21], and those that first trace a skeleton of the filaments before deriving quantities from
it [22, 23, 24, 25, 26]. Tracing methods have an advantage over the former, as they can in
theory capture the full network description. However, fiber tracing is not a trivial task due
to the inherent structural and signal heterogeneity present in experimental images, and few
tools such as SOAX, CT-FIRE, Qiber3D, FFA are actually suited to work in three-dimensions
[22, 23, 24, 26]. Each of these tools come with their own limitations: SOAX works by stretch-
ing open active contours along the fiber signal, but a good reconstruction requires to optimally
tune a large number of parameters and good image contrast between the object of interest and
the background [22]; CT-FIRE and Qiber3D works by morphological thinning or tracing of
the Euclidean distance map after image binarization, making these methods sensitive to the
choice of the binary threshold and less suited for dense structures [23, 24]; FFA traces fibers
stepwise based on a user-defined intensity threshold and angle, making the method sensitive
to noise in the signal and fiber curvature [26]. The main issue with all these approaches is that
they identify fragments of fibers, and merge them together based on angle and distance rules,
making the individual filaments, and overall network topology ill-defined. In the work of Lind-
ström et al., the authors used the skeletonization function of the Amira software to extract the
length, valency, and directional cosine distribution from confocal fluorescence images of col-
lagen networks [27]. However, as the function relies on intensity thresholding, the approach
is also unsuitable for denser networks than those investigated (1 mg/mL).

The aim of this chapter is to develop an automated image analysis workflow that can accurately
trace and extract individual fibers and the 3D network topology from experimental collagen
images. Using the developed workflow, we will investigate how the collagen concentration
and the polymerization temperature modulates the collagen network structure. To achieve the
aim, ToFiE, a topologically-aware fiber extraction workflow developed during my internship
is adapted and optimized here. ToFiE relies on the DisPerSe software to trace a skeleton of the
network fibers based on the concepts of Discrete Morse theory (DMT) and persistent homol-
ogy, overcoming the limitations of previous methods as topology is mathematically defined
in DMT [28]. Persistent homology filters out noisy topological features in the skeleton with
a measure called persistence, making the approach less sensitive to signal heterogeneity com-
pared to conventional pixel intensity thresholding (e.g Otsu’s method). Although DisPerSe
was originally developed for extracting the topology of cosmic filaments [28], its translation
to biological applications has only been recently demonstrated with DISSECT [29].

In this chapter, we present the ToFiE workflow that integrates image pre-processing, fiber
tracing with DisPerSe, skeleton refinement, and graph network construction. We evaluate the
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ability of ToFiE to capture network morphology and topology using artificial fluorescence
images of synthetic networks. Then, we demonstrate the application of ToFiE to experimen-
tal collagen images. Collagen I hydrogels with varied microstructures are prepared in vitro
by changing the collagen concentration and polymerization temperature, as in prior works
[8, 10, 15, 30, 31, 32, 33]. Using confocal fluorescence microscopy, a 3D image library of all
the collagen network structures is acquired. Confocal fluorescence microscopy is the most suit-
able imaging modality for studying the three-dimensional network structure, since label-free
techniques are not able to image fibers going out of the imaging plane [34], and scanning elec-
tron microscopy images capture only the surface topography of the sample. Lastly, the ToFiE
workflow is applied to the images to create 3D collagen network reconstructions, and quanti-
tative measurements of the resulting collagen microstructures for different concentrations and
polymerization temperatures are obtained. This chapter complements our exploration of the
bulk shear mechanics in Chapter 2, where collagen networks prepared under the same experi-
mental conditions are mechanically tested.



1.2. Methods 10

1.2. Methods
1.2.1. NHS-ester labeling of collagen
The methods of Remy et al. [35] and Doyle et al. [36] are adapted and optimized for labeling
bovine atelocollagen type I (5133, Biomatrix Fibricol, Advanced BioMatrix) with DyLight™
550 NHS Ester (ThermoScientific) (see Appendix A.1 for the full protocol). Briefly, bovine
atelocollagen type I is neutralized to pH 7.4 in one part 10x phosphate-buffered saline (PBS,
pH 7.4, Gibco), 0.1 M NaOH, and MilliQ water, to a final volume of 2 mL and collagen
concentration of 5 mg/mL. The solution is polymerized into a gel by incubation in a 37𝑜C
water bath for 90 minutes. Following polymerization, the gel is rinsed twice with 1x PBS
for ten minutes and then incubated with a buffer consisting of 3 mL of MilliQ and 1 mL of
1 M carbonate buffer (1 M NaHCO3 adjusted to pH 8.3 with 1 M Na2CO3) pre-mixed with
a two-molar excess of DyLight™ 550 NHS Ester (10 mg/mL in anhydrous DMSO), for one
hour at room temperature. The reaction is quenched by replacing the dye buffer solution with
50 mM Tris buffer (pH 7.4) for ten minutes. Unbound dye is removed through six sequential
washes with 1x PBS for 30 minutes each. The labeled collagen gel is subsequently dissolved
by agitation in 1 mL of 20 mM HCl, and brought down to pH 2 by additional drops of 1 M
HCl at 4𝑜C. The obtained solution of DyLight 550-labeled collagen monomers has a final
concentration of 3.33 mg/mL.

1.2.2. Collagen hydrogels preparation
Collagen samples are prepared on ice by neutralizing bovine atelocollagen type I solution
(5133, Biomatrix Fibricol, Advanced BioMatrix) in one part 10x PBS (pH 7.4, Gibco), 0.1
M NaOH and MilliQ to the target concentration (1.5, 2.5, or 3.5 mg/ml) and to the target pH
7.4. For confocal fluorescence imaging, the samples are prepared with a 1:2 mass fraction of
the DyLight 550-labeled collagen monomers (see Appendix A.1 for a representative prepara-
tion scheme). The additional salt in the labeled collagen solution is accounted for by reducing
the volume of 10x PBS added, as differences in the polymerization times are noticed without
salt adjustment. The samples are mixed by pipetting up and down quickly for 30 times, and
the pH is double-checked with pH strips at the end of the sample preparation. 80 µL of sample
is pipetted into an 18-well glass bottom 𝜇-slide (Ibidi, 81817) for polymerization. The slide
is kept in a temperature-controlled environment in a Thermomixer Comfort (Eppendorf) for
at least 90 minutes at 37𝑜C, 300 minutes at 30𝑜C or overnight at 26𝑜C to ensure that poly-
merization is complete. A drop of water is added between the bottom of the slide and the
Thermomixer Comfort plate to improve the heat transfer, and surrounding wells are filled with
deionized water to ensure humid conditions. The oxygen scavenger mixture consisting of 1
mM Protocatechuic acid and 0.05 µM Protocatechuate-3,4-dioxygenase in 1x PBS is pipetted
on top of the polymerized samples before imaging.

1.2.3. Confocal imaging of fluorescent collagen gels
Confocal fluorescence and reflectance images are acquired simultaneously in the Stellaris FAL-
CON 8 confocal microscope (Leica Microsystems), using the 63x glycerol-immersion objec-
tive lens (HC PLAN APO CS2, NA: 1.3, Leica Microsystems) and white laser light (80 MHz)
controlled by an Acousto-Optical Beam Splitter. For reflectance imaging, the sample is ex-
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cited at 488 nm with laser intensity of 3% in reflectance mode and emission light is collected
between 478 nm and 498 nm by the HyDS detector at a gain of 10. For fluorescence imaging,
the sample is excited at 553 nm with laser intensity of 5% in fluorescence mode and emission
light is collected between 561 nm and 740 nm by the HyDX detector at a gain of 20. The top of
the coverslip is found by the bright reflection signal, due to the refractive index mismatch be-
tween glass and water, and this position was set as 0. Image stacks are acquired starting 20 𝜇m
above the coverslip, with an isotropic pixel size of 110 nm, and lateral and axial dimensions
of 111.94 𝜇m and 24.64 𝜇m, respectively.

1.2.4. ToFiE workflow
The ToFiE workflow is developed for reconstructing fiber networks from 3D image stacks.
Here, we describe the four main steps of the workflow: 1) image pre-processing, 2) skeleton
tracing, 3) skeleton refinement, and 4) graph construction.

Ioriginal, z=0 µm

Ioriginal, z=24.6 µm

Iprocessed, z=0 µm

Iprocessed, z=24.6 µm

+ denoise
+ intensity re-normalization
+ deconvolution

skeleton tracing
skeleton refinement graph network

(a) (b) (c)

ci

si
Fi

edges

nodes

Figure 1.1: An overview of the steps in the network reconstruction workflow. (a) Confocal fluorescence
image of a collagen gel. Two XY-slices from the image z-stack are shown. The original image 𝐼original is

smoothened, re-normalized in intensities, and deconvoluted to obtain the enhanced image 𝐼processed. The scale
bar represents 15 µm. (b) The 2D projection of the skeleton of the imaged network traced by DisPerSe [28], and

further refined through several custom functions is shown (left). The maximum intensity projection of the
image is shown for comparison (right).The skeleton consists of filament subunits 𝐹𝑖 described by sampling
points 𝑠𝑖 and endpoints 𝑐𝑖. (c) 3D visualization of the graph network constructed from the skeleton. The

dimensions of the sample and reconstruction is 112 x 112 x 24 µm.

1.2.4.1. Image pre-processing
Noise in the raw image is addressed by applying a gaussian filter, followed by a median fil-
ter. Both filters are accessible in the scikit-image Python library [37]. The pixel values of the
smoothened image, within a specified lower and upper threshold, are re-normalized to the full
8-bit image range (0–255) to ensure uniform contrast and intensity across the z-depth, inspired
by the approach of Intensify3D [38]. Pixel values outside the thresholds are clipped to the 8-
bit range limits. For the lower limit, a constant threshold value is manually determined for the
image stack, or set to zero if the background intensity is minimal. The upper threshold value is
determined for each z-slice within the image stack, by taking the nth-percentile pixel intensity
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value as a measure of the overall brightness of the slice. The number n is determined manu-
ally for the image, such that the nth-percentile intensity value captures the observed intensity
attenuation. The nth-percentile intensity value is also smoothened as a function of z-depth by
a Gaussian kernel with standard deviation of 8 to ensure continuity between adjacent z-slices.
The smoothened and enhanced image stack is deconvoluted with the Gaussian point spread
function (PSF) and the Richardson-Lucy deconvolution algorithm with a padding of 10 pixels
at the image boundaries using the open source SDeconv python framework [39]. The resolu-
tion of the smoothened image, determined with the Fourier Ring Correlation (FRC) function
in the open source MIPLIB software [40], is used as the lateral 𝑑𝑥𝑦,𝐹𝑅𝐶 and axial 𝑑𝑧,𝐹𝑅𝐶 size
of the PSF. Finally, the intensities of the image stack are re-normalized to the full 8-bit image
range as previously, to enhance the contrast after deconvolution. An example of an image
before and after processing is shown in Figure 1.1a.

1.2.4.2. Skeleton tracing based on discrete Morse theory and persistent homology
Discrete Morse theory (DMT) and persistent homology form the mathematical framework for
obtaining a skeleton of the collagen network from the pre-processed image. Briefly, DMT par-
titions an n-dimensional discrete density field into n-simplices via Delaunay triangulation (Fig-
ure 1.2a). Image intensities are assigned to the vertices. Following this, higher order simplices
are assigned a value in compliance with discrete Morse conditions. A gradient arrow consists
of a simplicial pair of i−simplex and its lower valued cofacet (i+1-simplex), or i−simplex and
its higher-valued facet (i−1-simplex) (Figure 1.2b). The sequence of simplicial pairs, where
each is a gradient pair, and the simplex in the next pair is a facet of the previous simplex, forms
an acyclic gradient path. Simplices that have no gradient pair are considered critical, and can
be thought of analogously to the continuous case as points of the density function where the
derivative is equal to zero (critical 0-simplex: maximum, critical 1-simplex: saddle-2, critical
2-simplex: saddle-1, critical 3-simplex: minimum) (Figure 1.2c). The gradient vector field
linking critical simplices in the density field forms a topological description of the data. By
extracting the vector paths between the critical 0- and 1- simplex, 1- and 2- simplex, or 2- and
3- simplex, we can extract the discrete 1-, 2-, or 3- manifold, corresponding to a line, surface,
or volume description of the data.



1.2. Methods 13

(a)          (b)              (c) 

Figure 1.2: Discrete Morse Theory. (a) Simplices of the three-dimensional space. Lower order simplices are
faces of the higher order simplex (e.g 3-simplex consist of four 0-faces, six 1-faces, and four 2-faces), or, the

higher order simplex is a coface of all lower order simplices. Image from McInnes [41]. (b) A discrete
two-dimensional density field. A gradient arrow connects a simplicial pair of simplex i and its only lower

valued cofacet (i+1 simplex), or simplex i and its only higher-valued facet (i-1 simplex). Acyclic gradient paths
are formed from the sequence of gradient pairs, where the simplex in the next gradient pair is a facet of the
previous, and begin and end at a critical simplex (red triangles, green segments and blue points). Image from

Sousbie et al. [28]. (c) A continuous two-dimensional density field. Gradient flow lines are curves tangential to
the gradient of the density field, which start and end at a critical point (black). Maxima, saddle, and minima

points are marked by red, green and blue points. Image from Wang et al. [42].

Persistent homology identifies more robust topological features in the 1-manifold. The
persistence of a critical pair is defined as the difference in field intensities of the simplices in
the pair, a greater difference indicating greater topological importance. An example is shown
in Figure 1.3 to illustrate the concept. A one-dimensional signal and its maximum-minimum
critical pairs are portrayed. The noisy pairs that appear as bumps, have a lower persistence and
are removed when a certain persistence threshold is set.

Figure 1.3: Persistent homology. An example of a one-dimensional signal containing noise and its critical
pairs of local maxima (red) and minima (blue) (left). Persistence is defined as the difference in field intensities
of the simplices in the pair. Low-persistence pairs are removed by setting a persistence threshold, and the
remaining pairs are reconnected (right). The resulting signal is smoother and retains its main topological

structure. Image from Sousbie et al. [28].

We use the specific implementation of DMT and persistent homology in the DisPerSe soft-
ware to trace the fiber skeleton through the discrete 1−manifold [28]. DisPerSe is accessed
through the Apptainer image glyg/disperse (image ID: f212bff24659) and executed on the
DelftBlue supercomputer, supported by the Delft High-Performance Computing Centre [43].
Four parameters (−cut,−smooth,−assemble,−trimBelow) enable processing the 1-manifold
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in DisPerSe. The cut parameter sets the persistence threshold and removes less persistent topo-
logical features: we determine the optimal threshold with a custom video-tracing visualization
(Appendix A.8). Through the video, we qualitatively check whether each fiber in the image
is traced out or not. Too high of a cut threshold means dim fibers are not traced, and too low
of a threshold results in an overtraced network. The smooth parameter controls the number
of sampling points to average over to smoothen a filament. The assemble parameter defines
the maximum angle for merging neighboring filaments in the skeleton. The trimBelow pa-
rameter removes topological features associated with an intensity lower than a set threshold.
Unwanted cross-connections between fibers over dark regions in the image are removed with
a high enough threshold. The skeleton 𝑆 obtained is defined in filament subunits 𝐹 , where
each filament is described by endpoints 𝑐 and sampling points 𝑠 (Figure 1.1b).

1.2.4.3. Skeleton refinement
A set of custom functions are developed for further refining the filament subunits within the
traced skeleton. Firstly, the original filaments in the skeleton are broken down at the branch-
points or endpoints, such that endpoints cannot be contained within the redefined filament
(Figure 1.4a). This establishes a consistent base definition. Filaments shorter than a specific
length threshold 𝑙thr are merged with their neighboring filament, or removed, depending on the
connectivity of the endpoints of the short filament (Figure 1.4b). Neighboring filaments that
share a similar orientation within an angle threshold 𝜃thr are merged (Figure 1.4c). To clean
up the skeleton further, broken or spurious ends are removed, and to obtain a fully connected
network dangling ends can also be removed (Figure 1.4d).

Filament breakdown Clean short filaments (<lthr)
Remove dangling ends, 

broken ends, spurious endsAssemble filaments (<𝜃thr)

(a)       (b)         (c)              (d)

z = 1
z = 3

Figure 1.4: Skeleton refinement functions. (a) The original filaments in the skeleton are broken at the
junction and new filaments and node valencies are defined. After the redefinition, the filament length represents
the fiber inter-crosslink distance. (b) Short filaments smaller than the set length threshold 𝑙thr are merged with
their neighboring filament, or removed, depending on the connectivity of the endpoints of the short filament, as
pictured. (c) Neighboring filaments that share a similar orientation within an angle threshold 𝜃thr are merged. (d)
Broken, spurious, or dangling ends can be removed to obtain a cleaner skeleton or a fully-connected skeleton.

1.2.4.4. Constructing the graph network
The processed skeleton is converted into an undirected graph using the NetworkX python li-
brary, with nodes and edges representing the endpoints and filaments of the skeleton (Figure
1.1c). Interactive 3D visualizations of the graph networks are made in PyVista.
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1.2.5. Simulating confocal fluorescence images of synthetic networks
Synthetic networks consisting of nodes with valencies of 3 or 4, with average connectivity
between three and four, are created by Sara Cardona (Appendix A.4). These networks serve as
a ground truth for assessing the performance of the reconstruction workflow. First, point cloud
descriptions of the simulated networks are made by sampling along their edges at a resolution
of 20 points per µm. To replicate the heterogeneity in fiber thickness and signal intensity in
biological data, all edges are additionally sampled with a random uniform distribution at a
resolution of 10 points per µm, with a 1% uncertainty in its position perpendicular to the edge
axis. Using the MicroVIP software [44], 3D image stacks with cubic dimensions of 26 µm and
isotropic pixel size of 0.1 µm are simulated from the sampled point clouds. MicroVIP imitates
the image acquisition process of a confocal microscope by accounting for various physical
factors: we specify the excitation wavelength as 488 nm; the objective magnification as 63x;
the numerical aperture as 1.3; the refractive index of the immersion medium as 1.47; and the
Gaussian noise standard deviation as 1. For each network, images with varying signal-to-noise
ratio are generated by adjusting the photon count parameter across the values of 25, 50, 75,
125, 250, 500, and 10000 (Figure 1.6a). The Gaussian noise standard deviation, the sampling
density of the network, and the photon count parameter range together work to visually mimic
low to very high noise levels in experimental images.

1.2.6. Sensitivity analysis of the workflow
The performance of the workflow is tested by reconstructing the networks from the simulated
images and comparing them with the ground truth (GT) (see Appendix A.2 for the parameter
values). For the skeleton refinement step, we determine the parameters 𝑙thr= 0.4 µm and 𝜃thr =
𝜋
3 to work well for processing the skeleton in the presence of noise and signal heterogeneity (in
Appendix A.6 the refinement step with these parameters are shown for an example network).
A total of 40 independent networks and 215 reconstructions are explored (Table 1.5). Instead
of the photon count parameter, a more tangible measure of the signal-to-noise ratio (SNR) of
the images, defined as the average normalized collagen fiber intensity divided by its standard
deviation, is calculated with the formula SNR = 𝐼norm/𝑠𝑡𝑑(𝐼norm) based on NoiSee [45]. The
normalized fiber intensities 𝐼norm are computed as 𝐼norm = 𝐼target − 𝐼bg. The foreground values
𝐼target are obtained by applying a mask, generated from the discretized sampled point cloud, to
the simulated image. The background values 𝐼bg are obtained by applying the inverse of the
dilated mask to the simulated image.

Samples per photon count parameter
25 50 75 125 250 500 10000

<z> = 3.12 10 10 10 10 10 10 10

<z> = 3.20 10 10 10 9 10 10 9

<z> = 3.36 10 10 9 4 2 1 1

<z> = 3.56 10 10 10 3 3 2 2

Table 1.5: Number of samples for each average network connectivity and photon count in the sensitivity
analysis.

Two different metrics are leveraged for evaluating the accuracy of the reconstructions as
a function of the SNR. The Kullback-Leibler divergence (KLD) quantifies the difference in
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information represented by the probability distribution of the reconstruction 𝑃𝑟, and of the GT
network 𝑃𝐺𝑇 . The distributions of two structural parameters are considered: the azimuthal an-
gle 𝜃, defined as the in-plane edge angle measured counter-clockwise from the positive x-axis,
and the edge length 𝑙. The probability distribution of 𝜃 is created as a normalized histogram
weighted by the edge length, with eighteen equally spaced bins for 𝜃 ∈ [−𝜋

2 , 𝜋
2 ]. The prob-

ability distribution of 𝑙 is created as a normalized histogram with 40 equally spaced bins for
𝑙 ∈ [0, 20]. KLD is calculated according to KLD = ∑𝑥 𝑃𝑟𝑙𝑜𝑔 𝑃𝑟

𝑃𝐺𝑇
. In the limit of 𝑃𝑟 = 𝑃𝐺𝑇 ,

KLD is equal to 0. Confusion matrix components are computed to locally assess the accu-
racy of the reconstructed node valencies 𝑧. These are defined as follows: true positive (TP)
−the reconstruction and GT have overlapping nodes with the same 𝑧; false negative (FN)
−GT has no overlapping nodes with the reconstruction with the same 𝑧; false positive (FP)
−reconstruction node has no overlapping nodes with the GT with the same 𝑧. Due to the dis-
cretization of the networks for confocal image simulation, and propagation of the error, the
reconstructed networks are not perfectly aligned with the GT. Therefore, nodes are considered
to be overlapping if the distance between their centers 𝐷 < 2𝑟, with 𝑟 = 0.3 µm, and nodes
less than 2 µm away from the domain boundaries are excluded due to reconstruction artifacts.
The recall score, corresponding to the fraction of correctly reconstructed node valencies, is
defined as recall = 𝑇𝑃

𝑇𝑃+𝐹𝑁 .

1.2.7. Analysis of collagen microstructure
3D fluorescence images of the collagen gels are reconstructed using the workflow described
in section 1.2.4 (see Appendix A.3 for the parameter values). For the skeleton refinement step,
we use the same parameters that are applied for the synthetic networks (Appendix A.6) of 𝑙thr=
0.4 µm for dealing with short noisy filaments that are unlikely to be relevant structural fea-
tures; and 𝜃thr = 𝜋

3 to account for slight curvature of the fibers and wobble in the tracing of the
fibers. From the reconstruction, various structural parameters are quantified. The histogram
of edge lengths with 40 equally spaced bins ∈ [0, 20] 𝜇m is fitted to a log-normal distribution
𝑓𝑙𝑜𝑔−𝑛𝑜𝑟𝑚𝑎𝑙 with parameters 𝑙 and 𝑣 as the mean and normalized variance [18].

𝑓𝑙𝑜𝑔−𝑛𝑜𝑟𝑚𝑎𝑙(𝑙, 𝑙, 𝑣) = 1
𝑙√2𝜋𝜉2 𝑒− (𝜆−ln 𝑙)2

2𝜉2 , 𝜉2 = ln 𝑣 + 1, 𝜆 = ln 𝑙 − 𝜉2

2 (1.1)

Edge density is defined as the sum of edge lengths per unit volume. Local heterogene-
ity in the microstructure is quantified through subgraphs: the network is divided into 𝑛2

𝑠𝑢𝑏 =
12, 22, 32, 42, 52 non-overlapping subgraphs to see how the standard deviation in the edge den-
sity across subgraphs varies with the subgraph size (Figure 1.11).
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1.3. Results
1.3.1. Sensitivity analysis of the ToFiE workflow
We developed the ToFiE workflow for the topological reconstruction of fiber networks from
microscopy images (Figure 1.1). Before applying ToFiE to study the microstructure of flu-
orescent collagen gels, we evaluate its performance using synthetic networks for which the
ground truth is known. Artificial confocal fluorescence images of synthetic networks are simu-
lated with different SNR to reflect the range typically observed in experimental images (Figure
1.6a, Methods 1.2.5). In the highest SNR condition, Poisson and Gaussian noise is minimized,
but signal heterogeneity across the network is still present. ToFiE is used to reconstruct the
networks from these artificial images. In Figure 1.6b a representative reconstruction for the
best SNR condition (in magenta) and the corresponding ground-truth GT network (in cyan) is
shown. The reconstruction appears to share considerable overlap with the GT network, and
captures the junctions. There are some mismatches at the domain boundaries due to boundary
artifacts from the simulated image and the reconstruction.

GT
Reconstruction

Overlap

Low SNR High SNR(a)

(b)

Reconstruction

GT

(f)

SNR = 0.5          SNR = 0.8      SNR = 0.9           SNR = 1.2       SNR = 1.4  SNR = 1.6      SNR = 1.9 

**
* * *

Figure 1.6: Sensitivity analysis of the ToFiE workflow using synthetic networks. (a) Maximum intensity
projection of simulated confocal images of a synthetic network with varying signal-to-noise ratios SNR. (b) 3D
visualization of the ground truth GT network (cyan) and the reconstruction (magenta) from the confocal image.
(c) The probability distributions of the reconstruction 𝑝𝑟 (the length distribution here is for SNR = 0.5) and the
GT network 𝑝𝐺𝑇 are compared using the Kullback-Leibler divergence KLD. (d) Average KLD score for edge
lengths 𝑙 and (e) azimuthal angle 𝜃 as a function of the SNR. (f) A junction of the groundtruth GT (cyan) and
reconstructed network (magenta) are depicted. The recall metric, defined as recall = 𝑇𝑃

𝑇𝑃+𝐹𝑁 , looks at the
overlap of nodes with the same valency z between the two networks. A true positive TP instance is defined if
there are overlapping nodes with the same valency z between the reconstruction and GT network, within the
tolerance, and a false negative FN instance is defined as a GT node having no overlapping node with the same
valency. (g) Recall score as a function of the SNR for nodes with valency z=3 (solid line) and z=4 (dashed line).
(h) Average connectivity of the reconstructions <z>𝑒𝑠𝑡. as a function of SNR. The star symbol indicates there
are less than N=3 samples. Results in (d,e,g,h) are for N=40 independent networks and N=215 reconstructions

(Table 1.5). Error bars represent the standard deviation.
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For a global comparison of the reconstructions and the GT networks, we quantify the simi-
larity of their edge length and azimuthal angle 𝜃 distributions (Figure 1.6c), by computing the
Kullback-Leibler divergence KLD score. The KLD score for edge lengths is shown in Figure
1.6d as a function of the signal to noise ratio for N=215 reconstructions. The KLD score re-
mains close to 0.1 for SNR> 0.75, so the edge length is reliably determined for a wide range of
image qualities. The reconstruction breaks down at the lowest SNR where mostly fragments
are traced out; for SNR<0.75 the KLD increases to 0.9. In figure 1.6e the KLD score for the
azimuthal angle distributions is plotted as a function of the SNR. Compared to the edge lengths,
𝜃 distributions are less sensitive to the SNR, with a small increase in KLD to 0.13 at the lowest
SNR. This can be explained by the fact that even if fragments are traced out, the identified
orientations of the fragments remain robust.

Importantly, we are interested to see whether the reconstructions are able to reproduce the
topology of the networks. To test this, the one-to-one correspondence of the node valencies
in the GT network and reconstruction are computed (Figure 1.6f). Since the GT network and
reconstruction do not fully align in space, we allow for a small margin of tolerance (nodes are
considered overlapping if the distance between their centers 𝐷 < 2𝑟, with 𝑟 = 0.3 µm). We
define a true positive TP instance if there are overlapping nodes with the same valency z be-
tween the reconstruction and GT network, within the tolerance. A false negative FN instance
is defined as a GT node having no overlapping node with the same valency. In Figure 1.6g,
the recall score is plotted as a function of the SNR for z=3 nodes (solid line) and z=4 nodes
(dashed line). The non-zero recall score confirms that the reconstructions are able to capture
the junctions in most cases. The recall score for nodes with valency 3 or 4 is maximized at
0.8 and 0.6, respectively, and starts to decrease from SNR <1. These results suggest that the
reconstructions are able to capture 3-junctions more frequently compared to 4-junctions. The
difference in recall might be explained by the coarse discretization of the network in the simu-
lated images, and abrupt intensity transitions due to uncertainty introduced with the sampling
strategy. We therefore sometimes notice 4-junctions being identified as two closely positioned
3-junctions. In Figure 1.6h, we show the average estimated connectivity of the reconstruc-
tions <z>𝑒𝑠𝑡. as a function of the SNR, for simulated networks with a true connectivity of <z>
= 3.12, 3.20, 3.36, 3.56. The lower recall for z=4 nodes means that as the true <z> increases
(i.e. the network contains more 4-junctions), the systematic underestimation of <z> also in-
creases. Nevertheless, within the range of <z> ∈ [3.12, 3.56], a relative difference in <z> is
still distinguishable. For networks with <z> = 3.12, the reconstructions show the lowest <z>𝑒𝑠𝑡
across all SNR, and similarly, the reconstructions for the networks with <z> = 3.56 show the
highest <z>𝑒𝑠𝑡 across all SNR.

1.3.2. Confocal fluorescence images of collagen networks
Next, to study the structure of real collagen networks, we prepare collagen gels with varying
microstructures by adjusting their concentration (1.5, 2.5, or 3.5 mg/mL) and polymerization
temperature (26𝑜C, 30𝑜C, or 37𝑜C). For confocal fluorescence imaging, the gels are polymer-
ized with a mixture of fluorescently labeled- and unlabeled- collagen monomers. We first
check that the network structure is not influenced by the labeling, by comparing the confocal
reflectance images of unlabeled and labeled gels (Appendix A.1). Qualitatively little differ-
ence between the unlabeled and labeled gels is observed, so it is assumed that they resemble
each other in terms of structure. The fluorescence signal of the labeled network also colocalizes
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with its reflectance signal, confirming that a single network rather than two interpenetrating net-
works is formed. A library of confocal fluorescence images for all the collagen microstructures
is developed and shown in Figure 1.7 (see Appendix A.7 for a second sample for each of the
conditions). At 37𝑜C, collagen forms a homogeneous mesh network that becomes denser with
increasing concentration. At 30𝑜C, the networks are less homogeneous and the fibers appear
slightly longer. Some bundling between fibers is visible in the 1.5 mg/mL network polymer-
ized at 30𝑜C, but bundling becomes more prominent in the 3.5 mg/mL network polymerized
at 30𝑜C. The networks polymerized at 26𝑜C are the most heterogeneous, and show significant
concentration-dependent bundling behavior: at the concentration of 1.5 mg/mL, the network
shows a little bundling but is mostly homogeneous across the field of view; at the concentration
of 3.5 mg/mL, the network consists of dense regions of large fiber bundles and sparse regions
with few fibers. The bundles are formed from the aggregation of many short fibers. The fibers
also appear to be thicker at lower temperatures, translating to a higher fluorescence signal.

30oC

37oC

26oC

1.5 mg/mL 2.5 mg/mL 3.5 mg/mL

Figure 1.7: 3D image library of collagen microstructures. The maximum intensity projection of processed
confocal fluorescence images of the collagen gels (concentration: 1.5, 2.5, 3.5 mg/mL, polymerization

temperature: 26𝑜C, 30𝑜C, 37𝑜C) prepared with 1:2 mass fraction of Dylight 550 labeled collagen monomers
are shown over a depth of 4.95 µm. Scale bar represents 25 µm, and the image size is 112 µm with an isotropic

pixel size of 0.1 µm.
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1.3.3. Structural analysis of collagen network reconstructions

(a)               (b)             (c)

X

Y

Z

Figure 1.8: 3D visualization of the collagen network reconstructions. A representative sample is shown for
the 3.5 mg/mL network at the polymerization temperature of (a) 26𝑜C, (b) 30𝑜C, and (c) 37𝑜C. The sample

dimensions are 112 x 112 x 24 μm.

(a)          (b)             (c)

X

Y

Figure 1.9: Zoomed-in 3D visualization of the collagen network reconstructions. A representative sample
is shown for the 3.5 mg/mL network at the polymerization temperature of (a) 26𝑜C, (b) 30𝑜C, and (c) 37𝑜C.

To quantify the collagen network structure and topology in the various polymerization tempera-
tures and concentration conditions, ToFiE is applied to the images to create 3D reconstructions.
In Figure 1.8, and Figure 1.9, the reconstructions of the 3.5 mg/mL collagen networks poly-
merized at 26𝑜C, 30𝑜C and 37𝑜C are shown. In Figure 1.10a, we show the violin plots of
the edge lengths of the reconstructions, for N= 1 sample (1.5 mg/mL network polymerized
at 30𝑜C and 37𝑜C) or N=2 independent samples (all the other conditions). Additionally, the
log-normal distribution (Equation 1.1), parametrized by the mean 𝑙 and normalized variance 𝑣
of edge lengths, is fitted to the data and shown in Figure 1.10b. Edge length is defined as the
inter-crosslink distance of fibers. At 37𝑜C, the mean edge length consistently decreases with
increasing concentration, whereas at 30𝑜C and 26𝑜C the trend is nonmonotonic, with a slight
increase in the mean edge length for the concentration of 2.5 mg/mL and a decrease for the con-
centration of 3.5 mg/mL. Surprisingly, the edge length distribution of the 1.5 mg/mL and 3.5
mg/mL network polymerized at 26𝑜C are not significantly different (p>0.05), despite the struc-
tural differences we observe in the images. However, the edge length distribution for different
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polymerization temperatures within the same concentration are significantly different. For the
concentration of 1.5 mg/mL, the mean edge length is smallest at the temperature of 26𝑜C (𝑙 =
1.96 µm) and largest at 30𝑜C (𝑙 = 2.26 µm). For the concentration of 3.5 mg/mL, the mean edge
length is smallest at the temperature of 37𝑜C (𝑙 = 1.8 µm) and largest at 30𝑜C (𝑙 = 2.21 µm).
The networks polymerized at 30𝑜C have the largest mean edge length across all concentrations.

1.3. Results 12

(b)

T (oC) c (mg/ mL) l v Nedges
26 1.5 1.96 0.94 134519

2.5 2.35 1.13 77714
3.5 2.14 1.19 97700

30 1.5 2.26 1.01 46755
2.5 2.42 1.27 91103
3.5 2.21 1.11 107139

37 1.5 2.11 1.15 59799
2.5 1.96 0.97 147860
3.5 1.8 0.81 168234

F igure 1.5: Edge lengths and densit ies as a funct ion of the polymerizat ion temperature and
collagen concentration. (a) V iolin plot s of the edge lengths pooled from N= 2 networks, except at 1.5 mg/ mL
30oC and 37oC, which has N= 1 sample. The mean is marked by the black square. Significant differences in the
dist ribut ions are tested with the Mann-Whitney U-test . * * * indicates a p-valueÆ0.0005 and n.s stands for not
significant . (b) The edge lengths for different condit ions are fit ted with a log-normal dist ribut ion, where the fit
parameters l and v represent the mean and normalized variance. Nedges shows the total number of edges

considered. (c) The average edge density, defined as the total length of edges per unit volume, shown for the
different condit ions. Error bar represents the standard deviat ion between samples.

Figure 1.10: Edge lengths and densities as a function of the polymerization temperature and collagen
concentration. (a) Violin plots of the edge lengths pooled from N=2 samples, except for the 1.5 mg/mL network
polymerized at 30𝑜C and 37𝑜C, which has N=1 sample. The mean is marked by the black square. Significant
differences in the distributions are tested with the Mann-Whitney U-test. *** indicates a p-value ≤0.0005 and
n.s stands for not significant. (b) Table of values of the edge lengths fitted with a log-normal distribution, where

the fit parameters 𝑙 and 𝑣 represent the mean and normalized variance at different temperatures and
concentrations. 𝑁edges shows the total number of edges considered. (c) The average edge density, defined as the
total length of edges per unit volume, shown for the different conditions. The points marked with * show the
results of N=1 sample, otherwise N=2 samples. Error bars represent the standard deviation between samples.
(d) The average mass to length ratio 𝜇 shown for the different conditions. The points marked with * show the
results of N=1 sample, otherwise N=2 samples. Error bars represent the standard deviation between samples.

In Figure 1.10c the edge density, defined as the sum of edge lengths per unit volume, is
plotted as a function of the concentration. The edge density measurements support our earlier
observations of bundling: at 37𝑜C the density increases with concentration (0.33 µm−2 and
0.43 µm−2 at 1.5 and 3.5 mg/mL respectively); at 30𝑜C the density stays relatively constant
across concentrations (0.29 µm−2 and 0.33 µm−2 at 1.5 and 3.5 mg/mL respectively); and at
26𝑜C the average edge density appears to slightly decrease (0.38 µm−2 and 0.28 µm−2 at 1.5
and 3.5 mg/mL respectively). Surprisingly, the edge density of the 1.5 mg/mL network poly-
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merized at 37𝑜C is slightly lower than that of the 1.5 mg/mL network polymerized at 26𝑜C,
which may be due to having only one sample for the former. In the work of Jansen et. al. the
edge density is derived using the relation 𝜌𝑙 = 𝑐

𝜇 , where 𝑐 is the collagen concentration, 𝜌𝑙 is
the edge density, and the mass-length ratio 𝜇 is obtained from turbidimetry experiments [10].
Here, 𝜇 is inversely determined as an estimate of the average fiber diameter using the edge
density and concentration, and is shown in Figure 1.10d. For all temperatures, 𝜇 increases
with the concentration. The increase in 𝜇 is smallest at 37𝑜C (Δ𝜇 = 2 ⋅ 1016 Da/cm) and
largest at 26𝑜C (Δ𝜇 = 5 ⋅ 1016 Da/cm).

From the images, we observe that the network becomes more heterogeneous at lower tem-
peratures and higher concentrations (Figure 1.7). We quantify the heterogeneity in the edge
density within a sample by subdividing our collagen network reconstructions in the xy plane
into non-overlapping subgraphs (Figure 1.11a). In Figure 1.11b, the average and standard de-
viation in the edge density across subgraphs is shown as a function of the subgraph size. The
focus here is on the magnitude of the standard deviation between subgraphs, which can be
used as a measure of the heterogeneity. The networks polymerized at 37𝑜C are considerably
homogeneous for the length scales considered here, with a small standard deviation for all
subgraph sizes, the smallest subgraph being one fifth of the original network size (15× 112.64
µm = 22.53 µm). The networks polymerized at 30𝑜C and 26𝑜C show an increasing standard
deviation from a subgraph size of 0.5 (or 1

2× 112.64 µm = 56.32 µm). Notably, the standard
deviation is much larger for the 3.5 mg/mL network polymerized at 26𝑜C compared to the
other networks, nearly reaching 0.2 µm−2.
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Figure 1.11: Subgraphs reveal the heterogeneity length scale of the networks. (a) The network is
subdivided across x- and y- into 12, 22, 32, 42, or 52 non-overlapping subgraphs. The numbers on the orange
arrows indicate the different normalized lateral dimensions of the subgraphs. (b) The average edge density
across subgraphs, averaged over N=2 samples, except for the 1.5 mg/mL network polymerized at 30𝑜C and
37𝑜C, which has N=1 sample. The error bar represents the standard deviation between subgraphs, averaged

over the samples.
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Figure 1.12: Average connectivity <z> of collagen networks. The error bar represents the standard deviation
between N=2 samples. Points marked with * show the results of N=1 sample.

Lastly, we look at the average connectivity of the networks, and plot this in Figure 1.12 for
N=2 samples (or N=1 sample if marked by a star). At the lowest concentration of 1.5 mg/mL,
<z> increases with decreasing polymerization temperature (26 𝑜C: <z> = 3.20, 30𝑜C: <z> =
3.17, 37𝑜C: <z> = 3.09). However, for the collagen concentrations of 2.5 mg/mL and 3.5
mg/mL, a temperature dependence of <z> cannot be concluded considering the small sample
size and the large standard deviations. At these concentrations, the networks are also inter-
spersed with bundles which may complicate the <z> estimation.
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1.4. Discussion
The four-step ToFiE workflow enables the three-dimensional reconstruction of fiber networks
from high resolution microscopy images. Compared to existing tools for fiber tracing, ToFiE
demonstrates the ability to preserve both the morphology and topology of the original network.
The first step of the workflow addresses noise, intensity attenuation with depth, and optical dis-
tortions in the raw confocal fluorescence images. By enhancing the image signal in this step,
we improve the performance of DisPerSe, used in the next step for tracing the fiber skeleton.
DisPerSe utilizes discrete Morse theory and persistent homology to compute the 1-manifold
skeleton of the image data. The topology of the 1-manifold is defined mathematically, and is
accurate to the underlying structure given an optimal image. A similar topological-awareness
in tracing is missing in conventional approaches which rely on image binarization and thinning,
or pixel-by-pixel tracing. DisPerSe has been used by Merle et al. for segmenting apical cell
surfaces and their cytoskeleton [29]. In this study, we identify image processing (Figure 1.1a),
the breakdown of filaments at junctions, and the redefinition of individual filaments (Figure
1.4) as crucial steps for accurately retrieving the topology of biological networks, and integrate
it into the ToFiE workflow.

In this chapter, we evaluate the performance of ToFiE by applying it to reconstruct artificial
confocal images of synthetic networks. To assess the sensitivity of the workflow, we simulate
images with varying signal-to-noise ratios (SNR) and signal heterogeneity across the network
(sampling using a uniform distribution with positional uncertainty), mimicking complex exper-
imental data. The results demonstrate that the networkmorphology, including edge lengths and
azimuthal angles, is accurately captured over a wide range of SNR (Figure 1.6). Topology is
also preserved in the reconstructions, as demonstrated with the non-zero recall score. The re-
call scores of 0.8 for degree 3 nodes, and 0.6 for degree 4 nodes is reasonably high, but it may
be insufficient to distinguish networks with similar <z>, particularly as <z> approaches 4. In
these cases, the systematic underestimation of <z> may be greater than the standard deviation
between samples. The recall score can be improved with further calibration of the workflow:
by optimizing the image pre-processing step; by adjusting the skeleton refinement parameters,
in particular increasing 𝑙𝑡ℎ𝑟 can improve the recall of degree 4 nodes, through merging of de-
gree 3 nodes close to each other over a slightly larger distance. Several limitations of the test
are noted: the small dimensions of each simulated network amplifies the influence of bound-
ary artifacts. Furthermore, the simulated confocal images show more abrupt intensity changes
from pixel to pixel compared to experimental images. This can contribute to a lower recall
score than expected if the ToFiE workflow is applied to real images.

ToFiE is successfully applied to confocal fluorescence images of collagen networks (Figure
1.8). To obtain the most accurate three-dimensional reconstruction, the collagen gels are im-
aged with an isotropic pixel size of 0.11 µm. The computationally intensive step of the work-
flow is the tracing step carried out by DisPerSe. The computation time depends on how dense
the network is, but takes approximately 1-3 hours for the image size of 1024 x 1024 x 224
pixels (112 x 112 x 24.64 µm), using six 2.1 GHz CPUs (16 GB memory per CPU) on the
compute node of DelftBlue. With the reconstructions, we find the microstructural parameters
to show a non-monotonic relation with the collagen concentration and polymerization temper-
ature. At the highest temperature of 37𝑜C, there is a consistent decrease in the edge length, and
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increase in the edge density with increasing concentration (Figure 1.10a,c). At 30𝑜C and 26𝑜C,
the edge length shows no clear trend with concentration, and the edge density remains constant
or decreases with concentration, respectively, which may be attributed to the increased fiber
bundling. In support of this, we provide evidence that fibers grow thicker at lower tempera-
tures and higher collagen concentrations: the average mass-to-length ratio of fibers is larger,
and also increases the most with concentration at the temperature of 26𝑜C (Figure 1.10d).

These findings align with the work of Jansen et. al., where an increase in fiber diameter with
lower polymerization temperatures was also found through SEM images of the collagen net-
works, and with turbidimetry measurements [10]. However, the mass-length ratio determined
with turbidimetry by Jansen et al. decreases slightly with increasing concentration and is ap-
proximately two orders of magnitude smaller, contrasting our findings [10]. The difference
in the magnitudes may be due to the difference in collagen type (bovine vs. rat tail), and the
measurement method. On the one hand, with the reconstruction some fibers can be left un-
traced. On the other hand, turbidimetry assumes monodisperse fibers, and its sensitivity can
be affected by dense and heterogeneous network structures. The trend in the mass-length ratio
with concentration may be more accurately determined with the reconstructions since ToFiE
is expected to not be influenced by the heterogeneity of the microstructure. From previous
literature, concentration and temperature are both expected to increase the nucleation rate and
growth rate of fibers [46, 47, 48]. At higher concentrations, the collagen monomers are in
closer vicinity to another, and with higher polymerization temperatures, the molecules have
increased diffusive motion and stronger hydrophobic interactions. Both aspects likely con-
tribute to the homogeneous and branched network structure observed at 37𝑜C (Figure 1.7). At
lower temperatures, limited diffusion combined with a lower frequency of nucleation events
promotes larger bundle growth over branching, resulting in the heterogeneous network struc-
ture observed at 26𝑜C.

Lastly, we find that the collagen networks have an average connectivity in the range of <z>
= 3.05 - 3.20 (Figure 1.12). These numbers should not be taken as absolute values, given
the tendency of the ToFiE workflow to underestimate <z>. At 1.5 mg/mL, the <z> decreases
with increasing temperature. But at 2.5 mg/mL and 3.5 mg/mL, no clear relation between
<z> and temperature can be observed. The average connectivity of collagen networks has not
been determined before using an automated image analysis approach. However, Jansen et al.
have tried to determine the average connectivity of their networks by fitting the experimen-
tally measured stiffening strain to the mechanics of simulated 2D disordered networks [10].
With this approach, they found that <z> increases with decreasing temperatures for rat-tail
collagen (26𝑜C 4 mg/mL: <z> = 3.55, 37𝑜C 4 mg/mL: <z> = 3.1), with a weak concentration-
dependence. However, they also tried to quantify <z> manually by checking the valency of
100 random junctions in SEM images, and could not find a dependence of <z> on the polymer-
ization temperature. ToFiE shows the potential to determine <z> from confocal fluorescence
images, but the sample size should be extended to draw conclusions on the temperature or
concentration dependence.

For future work, it would be interesting to explore network heterogeneity in more details. Sim-
ulations frequently study the behavior of 2D or 3D lattice-based networks with varying <z> that
are entirely homogeneous. Little is known about how heterogeneity in disordered networks in-
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fluence their mechanical behavior. The experimentally-derived reconstructions can serve as a
basis for simulations to more closely recapitulate the topology of real collagen networks. From
visual inspection, heterogeneity introduces additional length scales to the network, within the
bundles and between bundles (Figure 1.7), which are not captured by the edge length measure-
ments (Figure 1.10a). Local differences in the connectivity, and length scales associated with
bundling can be further studied with our reconstructions using concepts from graph theory
(centrality measures, shortest paths), and may provide insights in how networks differentially
respond to micro- and macro- loads.

To conclude, ToFiE is not limited to tracing collagen networks, nor is it limited to working with
confocal fluorescence images. Many other biopolymers in nature form similar disordered fiber
network structures with mechanically important roles: fibrin networks are the load-bearing and
stabilizing components of blood clots; actin, intermediate filaments and microtubules form a
composite cytoskeletal network and jointly regulate cellular shape and mechanics. This work-
flow can be used to reconstruct any biological structure given a high-resolution 2D or 3D
image. If topology (i.e. connectivity) is not essential to quantify, the ToFiE workflow can
also be applied to label-free imaging modalities such as confocal reflectance and second har-
monic generation images, to extract morphological parameters (in-plane angles, edge lengths
and density) with high accuracy.

1.5. Conclusion
Wepresent ToFiE, a topologically-aware fiber extraction workflow for studying themicrostruc-
ture of biopolymer networks in microscopy images. We demonstrate the ability of the ToFiE
reconstructions to capture both the morphology (in-plane angles, edge length and edge den-
sity) and topology (connectivity) of synthetic networks. The workflow is successfully applied
to confocal fluorescence microscopy images of bovine atelocollagen I hydrogels, to investi-
gate the influence of concentration and temperature on their microstructure. Our 3D collagen
network reconstructions show that fiber bundling, structural heterogeneity and fiber thickness
exhibit a nonlinear increase with higher collagen concentration and lower polymerization tem-
peratures. Furthermore, we find that the edge length and network connectivity shows a non-
monotonic relationship with concentration and temperature. Altogether, our findings indicate
that multiple microstructural features besides network connectivity are significantly changing
in the collagen networks, which may be crucial to consider for their mechanics.
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Strain- and Time- dependent Bulk

Shear Mechanics of Collagen
Networks: Elasticity, Viscoelasticity

and Critical Phase Transition

2.1. Introduction
2.1.1. The complex mechanics of collagen networks supports a wide variety

of biological processes
Collagen type I is the most abundant protein found in biological tissues, and is a key compo-
nent of the extracellular matrix as a biophysical scaffold for cells. The basic building block of
collagen is a triple helix consisting of three peptide chains bound together by hydrogen bonds
(Figure 2.1) [46]. Lateral and axial polymerization of the monomers into fibrils is self-driven
by hydrophobic and electrostatic interactions in physiological conditions [48]. Fibrils further
assemble into fibers, which branch out and crosslink to form a percolating network structure.
As the networks are formed from branches and junctions, they have an average connectivity
between three and four [3, 10]. Based on Maxwell’s definition of isostaticity stating that the
number of constraints for a node is equal to the degrees of freedom it has, collagen networks
are sub-isostatic.

Sub-isostatic networks exhibit complex material behavior. Collagenous tissues are soft for
small deformations and stiff for large deformations. They behave both viscoelastically and
plastically allowing for time-dependent responses and structural remodeling. These special
properties enable collagen networks to support the wide range of tissue requirements: to func-
tion as the main load bearing component, to provide mechanical and physical cues to em-
bedded cells, regulating biological processes such as differentiation and migration, and to
maintain tissue integrity under large or sudden deformations. The origins of the complex me-
chanics of collagen likely stem from its hierarchical structure spanning multiple length scales
[9, 49, 50]. The combined findings from experimental investigations on reconstituted colla-
gen I gels and numerical simulations of disordered networks paint an extensive but incomplete
picture [2, 3, 10, 30, 32, 51, 52, 53].

27
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15µm

collagen network

(a)                  
        
                    (b)  

Figure 2.1: The hierarchical structure of collagen fibers. (a) Three peptide chains form a triple helix, which
aggregate laterally and axially in a staggered fashion to form microfibrils. Microfibrils bundle together to form

fibers that branch out and crosslink to make a network. Adapted from Salvatore et. al. [54]. (b) Confocal
fluorescence image of a 1.5 mg/mL bovine atelocollagen type I network formed at 37𝑜C maximum intensity

projected over a depth of 4.95 µm.

2.1.2. Linear elasticity is controlled by bending rigidity
Collagen filaments can be considered as stiff athermal filaments in comparison to more flex-
ible biopolymers such as intermediate filaments and elastin. The stiff filaments contribute to
the mechanical stability of the network with their finite bending, compressive and stretching
stiffness. For small strains, the networks behave linearly elastically (Figure 2.2a). The lin-
ear shear modulus 𝐺0 ∝ ̃𝜅 is proportional to the dimensionless bending rigidity ̃𝜅 = 𝜅

𝜇𝑠𝑙𝑐2 ,
where 𝜅 is the bending rigidity, 𝜇𝑠 is the stretching modulus and 𝑙𝑐 is the lattice spacing in
disordered lattice network simulations [8, 10]. 𝜅 is controlled by the mass-length ratio, the
degree of fibril bundling, and intra-fibrillar crosslinking, which are dependent on the poly-
merization conditions of collagen, the addition of crosslinking agents, and the source of the
collagen [10, 31, 32].

2.1.3. Nonlinear elasticity involves a transition from bending- to stretching-
dominated rigidity

Beyond a certain strain, collagen networks stiffen dramatically (Figure 2.2a). The stiffening
was thought to arise from the bending-to-stretching transition of network fibers [55]. However,
findings demonstrate that onset of stiffening precedes the transition [8, 10]. Initial stiffening
correspondswith the build up of negative normal stress in the network under shear, which arises
due to the asymmetry of forces exerted by the fibers: stretched fibers exert greater forces than
the fibers that are compressed, generating net negative tension perpendicular to the shear plane
[10, 56, 57, 58]. Therefore, the nonlinear regimemay be distinguished into two parts, where the
first part is bending-dominated, and the second part is stretching-dominated (Figure 2.2a) [8,
10, 15]. Loading beyond the linear regime is also accompanied by geometric rearrangements
of the network, with a subset of load-bearing fibrils aligning in the principal direction of the
load forming so called force chains through which stress is transmitted [59] (Figure 2.2b), and
a subset buckling or bending [15, 30, 32, 58, 60]. The change from bending to stretching
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dominated rigidity has been described by simulations to be a second-order phase transition,
with strain as the control parameter and the differential modulus as the order parameter [9]
(Figure 2.2c). Approaching the critical strain, simulated networks show a divergence in non-
affine strain fluctuations, in the zero-shear viscosity and in the slowest relaxation time that can
be described by critical exponents [2, 9, 53, 61]. So far no experimental evidence exists to
support these findings.

1.        2.          3.

(a)           (b)          (c)
Linear      Nonlinear

Figure 2.2: Nonlinear elasticity of collagen networks. (a) The differential shear modulus 𝑑𝜎/𝑑𝛾 shows the
strain-stiffening behavior of a 3.5 mg/mL bovine atelocollagen type 1 network polymerized at 37𝑜C as a
function of shear strain 𝛾. Three different regimes can be identified: 1. linear elastic regime, 2. nonlinear
elastic bending-dominated regime, 3. nonlinear elastic stretching-dominated regime. (b) Example of a
simulated network at rest (top) and under tension (bottom). When strained above the critical strain, a

load-bearing subnetwork develops, forming highly aligned tracts called force chains (shown in red). Figure
from Ban et. al. [59]. (c) The second order mechanical phase transition at the onset of rigidity predicted by
simulations, is accompanied by a divergence in various quantities like the zero-shear viscosity and nonaffine

fluctuations. Figure from Shivers et. al. [2].

2.1.4. Network microstructure determines the emergent bulk shear mechan-
ics

Previous studies have highlighted the importance of network structure in their mechanics. The
efficiency of stress transmission is linked to the microstructure: when a local deformation is
applied, the morphology of the force chains that develop depends on the mechanical properties
of individual fibers and the local connectivity within the network [51]. The average network
connectivity, <𝑧>, was found to control both the linear and nonlinear elasticity [10, 18]. The
connectivity is either determined from manual inspection of microscope images (Figure 2.3a),
or indirectly derived by fitting rheological data to a model [3, 10]. The average connectiv-
ity is proportional to the linear shear modulus [18]. Experiments and simulations show the
threshold strain for nonlinearity and critical strain monotonically decreases with increasing
<z> (Figure 2.3b,c) [3, 8, 10, 61]. The degree of network stiffening in the first non-linear part
is related to <𝑧>; a more connected network stiffens less, while in the stretching-dominated
nonlinear regime, the stiffening becomes independent of <z> or fibril density [8]. Fracture be-
havior is also influenced by <z>, where a less connected network fractures at higher strains in
a more ductile manner (Figure 2.3d) [3]. Surprisingly, elasticity was found to be largely insen-
sitive to other features besides connectivity. However, simulations of Mikado, Voronoi, and
packing-derived networks with the same <z> showed quantitative differences in their mechan-
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ical behavior [61], which suggests that additional structural parameters must be influencing
the mechanics of these networks.

(a) 

z=3   z=4

(b)

(c) 

(d) 

Figure 2.3: The average network connectivity <z> plays an important role in the elasticity and fracture of
collagen. (a) Scanning electron microscope images of fiber junctions in collagen. Figure from Jansen et. al.
[10]. Networks consist of a mixture of branches with a valency z=3, and junctions with z=4. (b) Sub-isostatic
networks with connectivity 𝑧 < 𝑧𝑐, the critical isostatic connectivity, develop rigidity once strained past a

z-dependent critical strain value 𝛾𝑐(𝑧). Adapted from Shivers et. al. [2]. (c) Experimental findings (left) show
the onset strain 𝛾𝑜 and critical strain 𝛾𝑐 increases with polymerization temperature, and simulations (right)

show the onset and critical strain monotonically decreases with increasing <z>. Figure from Jansen et. al. [10].
(d) The rupture strain 𝛾𝑝 decreases with increasing <z> in experiments (markers) and in simulations (lines).

Adapted from Burla et. al. [3].

2.1.5. Stress relaxationmechanisms are important in weakly-crosslinked col-
lagen networks

A complementary perspective to stress transmission is stress relaxation. The hierarchical and
sub-isostatic network allows various ways for it to relax to an applied load over time. In colla-
gen networks, these key mechanisms were found to play a significant role: fiber viscoelasticity,
nonaffine network deformation, fibril lengthening, and transient crosslinking [30, 52, 59, 62].
Collagen networks deform non-affinely meaning that local deformations can differ from the
applied macroscopic deformation (Figure 2.4a). Through nonaffine deformations, the strained
network can minimize the energy of its configuration. Spatially heterogeneous stress distri-
butions arising as a consequence of nonaffine rearrangements were imaged in collagen by
boundary stress microscopy [30], digital volume correlation [32], and in fibrin networks using
nonlinear Raman scattering [63]. The microstructure can influence the nonaffinity: simula-
tions suggest that preferentially oriented network fibers can enhance the magnitude of non-
affine fluctuations compared to a randomly oriented network [64]. Monomers making up the
fibrils can slip under strain (Figure 2.4b). In nature, this enables the mechanical adaptation
of tissues to external loads at the macroscale. Significant fibril plasticity was demonstrated
with uncrosslinked collagen under large-strain cyclic loading, where a shift in the stress-strain
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curve was observed in subsequent cycles due to persistent fibril lengthening (Figure 2.4c) [52].
Finally, in the context of extracellular matrix remodeling, the densification of fibers around
cells, persisting after the removal of cellular traction forces, is attributed to the formation of
weak crosslinks between adjacent fibers under strain (Figure 2.4d) [65]. The degree of residual
deformation increases with the duration of strain and concentration of collagen [59].

(a) 

(c) 

(b) 

(d) 

Figure 2.4: Stress relaxation mechanisms in collagen networks. (a) Schematic of a biopolymer gel under
shear. The difference in the displacement of embedded tracer beads from the macroscopic shear deformation is
quantified as the non-affine deviation 𝑢⃗(𝑟). Figure from Wen et. al. [66]. (b) Schematic of an uncrosslinked
fiber under tension. The blue lines represent protofibrils. Plastic lengthening from the slippage of protofibrils
under tension causes the rest length of the fiber to increase. Figure from Münster et. al. [52]. (c) Uncrosslinked

collagen networks subject to large oscillatory strains with increasing amplitude, show a shift in their
stress-strain response. The response can be collapsed onto a master curve by simple subtraction of a

characteristic strain 𝛾char, defined as the strain at which the elastic midline of each loading-unloading curve
reaches a specific threshold stress 𝜎el(𝛾char) = 𝜎threshold. Figure from Münster et. al. [52]. (d) Confocal image
of human breast cancer cells (MDA-MB-231) actively remodeling the surrounding collagen matrix forming
dense fiber tracts. Red: Labeled MDA-MB-231 cells. Green: Reflectance signal of collagen. The scale bar

represents 20 µm. Image from Kim et. al. [65].

2.1.6. Probing the time-dependent mechanics of collagen in the nonlinear
regime

The relationship between microstructure and mechanics has mainly been explored in the con-
text of elasticity for collagen networks. However, the large body of evidence suggests that
viscoelasticity, inelasticity, and plasticity of collagen is equally important to consider, high-
lighting a gap in our understanding of the interplay between these time-dependent mechanisms
and bulk shear mechanics. We hypothesize that collagen networks display time-dependent me-
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chanical behavior, with microstructural differences potentially influencing the dynamics under
load. Simulations also hint towards this: Burla et. al. show fibril- and network- level plastic-
ity can fine-tune the rupture strain [3], and Ban et. al. highlight that fibril lengthening in the
network increases the energy dissipated for the same magnitude of deformation [59].

To bridge the gap, in this chapter we explore the time-dependent bulk shear response of atelocol-
lagen type I networks across the linear and nonlinear regime with a stress-controlled rheometer.
Atelocollagen is a truncated form of the native telocollagen, where the terminal telopeptides
are removed [67]. Since telopeptides are involved in forming strong covalent intra- and inter-
fibrillar bonds, atelocollagen networks are weaker and more plastic, making them suitable for
investigating the interplay of time-dependent mechanisms with the bulk shear mechanics. One
of the challenges with collagen is that it varies structurally and mechanically depending on the
animal species and body part that it was extracted from. Therefore, we first aim to character-
ize the mechanics of our collagen samples, prepared with different collagen concentrations and
polymerization temperatures to vary the microstructure as in the first chapter, with measure-
ments of their linear viscoelasticity and nonlinear elasticity. We investigate the time-dependent
bulk shear response of collagen in the nonlinear regime using stress-controlled experiments. Fi-
nally, to capture the critical diverging signatures of simulated collagen networks predicted in
literature, the experiments suggested by Shivers et al. are also tested [2].
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2.2. Methods
2.2.1. Stress-controlled rotational rheometer
Shear tests are performed using the stress-controlled rheometer (Physica MCR 501, Anton
Paar) and a stainless-steel cone-plate geometry with an angle of 1𝑜 and diameter of 20 mm
(part no. 3274, serial no. 16798, and 9034). A schematic of the test setup is shown in Figure
2.5. The rheometer controls the torque 𝑇 applied through rotating the cone-plate head, and the
associated shear stress 𝜎 at the sample-cone interface can be calculated based on the cone-plate
geometry (Eq. 2.1). The shear strain 𝛾 is converted from the measured deflection angle 𝜃 of
the head. As the cone angle 𝛼 is small, we can approximate a linear increase in cone radius 𝑟
with the gap height ℎ, so the strain at the interface is constant and independent of ℎ and 𝑟 (Eq.
2.2, 2.3).

𝜎 = 3𝑇
2𝜋𝑅3 (2.1)

𝛾 = 𝑟𝜃
ℎ , 𝑡𝑎𝑛(𝛼) = ℎ

𝑟 (2.2)

𝛾 = 𝜃
𝑡𝑎𝑛(𝛼) ≊ 𝜃

𝛼 (2.3)

α: 1º
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Figure 2.5: Schematic of the stress-controlled rheometer setup with a cone-plate geometry (cone angle
𝛼 = 1𝑜, diameter 𝑑 = 2𝑅). The collagen network polymerizes in situ between the heated cone-plate head and
the bottom plate. The rheometer directly applies a torque 𝑇 to the sample through rotation of the cone, and the

resulting deflection angle 𝜃 is measured.

2.2.2. Rheology to probe the bulk shear mechanics of collagen networks
2.2.2.1. Collagen hydrogel preparation
First, collagen samples are prepared on ice by neutralizing bovine atelocollagen type I solution
(catalog no. 5133, Biomatrix Fibricol, Advanced BioMatrix) in one part 10x PBS (pH 7.4,
Gibco), 0.1M NaOH and MilliQ to the target collagen concentration (1.5, 2.5, 3.5 mg/ml) and
to the target pH 7.4. The samples are mixed by pipetting up and down quickly for 30 times,
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and the pH is double-checked with pH strips at the end of the sample preparation. The heating
hood and bottom plate of the rheometer is set to the desired temperature for polymerization
(26𝑜C, 30𝑜C, 37𝑜C). Then, 40 µL of sample is pipetted onto the pre-heated bottom plate and
the cone is immediately lowered to the gap size of 40 or 50 µm corresponding to the specific
head (Part no. 3274). Either 250 µL of mineral oil or 500 µL of 1x PBS is pipetted around the
head to prevent sample dehydration. After the hood is lowered, polymerization of the network
is monitored through the application of small shear strain sinusoidal oscillations 𝛾(𝑡) with
amplitude 𝑑𝛾 = 1% around zero strain at the frequency of 1 Hz. The resulting oscillatory stress
response𝜎(𝑡) is decomposed into the elastic in-phase and viscous out-of-phase component with
𝛿 as the phase lag from 𝛾(𝑡), to obtain the shear storage G’ and loss modulus G” (Eq. 2.4).

𝛾(𝑡) = 𝑑𝛾𝑠𝑖𝑛(𝑤𝑡)
𝜎(𝑡) = 𝑑𝜎𝑠𝑖𝑛(𝑤𝑡 + 𝛿) = 𝑑𝜎(𝑠𝑖𝑛(𝑤𝑡)𝑐𝑜𝑠(𝛿) + 𝑐𝑜𝑠(𝑤𝑡)𝑠𝑖𝑛(𝛿))
𝜎(𝑡) = 𝑑𝛾(𝐺′𝑠𝑖𝑛(𝑤𝑡) + 𝐺″𝑐𝑜𝑠(𝑤𝑡))

𝐺′ = 𝑑𝜎
𝑑𝛾 𝑐𝑜𝑠(𝛿), 𝐺″ = 𝑑𝜎

𝑑𝛾 𝑠𝑖𝑛(𝛿)

(2.4)

The polymerization duration is set to 90 minutes, 210 minutes, and 466 minutes for the tem-
perature of 37𝑜C, 30𝑜C, and 26𝑜C, respectively, to ensure complete polymerization. During
this period, G’ and G” reach their plateau values (Appendix A.9). More noise is observed in
the measured G’ during polymerization when using the mineral oil compared to PBS.

2.2.2.2. Viscoelasticity in the low-strain regime and elasticity in the nonlinear regime
The viscoelastic response of the network in the linear elastic regime is probed through small
oscillatory strains 𝑑𝛾 = 1% applied around zero strain across the frequency range of 𝜔 = 0.01-
10 rad/s, sampling two frequencies per decade (Figure 2.6a). The storage modulus G’ and loss
modulus G’’ are measured as a function of frequency. To characterize the nonlinear elastic re-
sponse of the network, a linearly increasing strain 𝛾 from 0-200% is applied at the shear strain
rate of ̇𝛾 =0.1%/s, and the stress 𝜎 is measured with a sampling time of 1s/pt (Figure 2.6b).
As demonstrated by Burla et al. [3], the ramp rate should not influence the elasticity measure-
ments. The differential shear modulus𝐾 = 𝑑𝜎

𝑑𝛾 is calculated from the slope of the stress-strain
curve. The frequency sweep and strain-controlled ramp tests are performed consecutively on
the same sample, with a ten-minute rest period in between during which the sample is held at
0% strain. The results of at least N=2 independent samples (and N=4 dependent samples) are
shown for each test and collagen condition, unless stated otherwise.

2.2.2.3. Time-dependent nonlinear mechanics and second-order phase transition
The time-dependent deformation response is tested through a stress-controlled ramp, where
networks are subjected to linearly increasing stress 𝜎 at the shear stress rate of 𝜎̇ = 0.1, 1,
or 10 Pa/s until failure, with the terminating condition of ̇𝛾 >100%/s (Figure 2.6c). Measure-
ments of 𝛾 and ̇𝛾 are sampled every 0.25s. Yielding is defined at the point when the apparent
viscosity 𝜂(𝜎) = 𝜎

𝛾̇ reaches its final maximum (excluding transient peaks at lower stresses).
We repeatedly notice two sharp peaks in 𝜂(𝜎) during the stress ramp tests. To investigate the
robustness of these peaks, a cyclic loading experiment with 6 cycles of loading-unloading with-
out intervening waiting time, at the loading rate of 𝜎̇ = 1 Pa/s, with an increasing final stress
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magnitude (20, 30, 50, 70, 90, 110 Pa) is carried out (Figure 2.6d).

To capture the second order mechanical phase transition and its critical signatures, we test
the pre-strain frequency sweep tests and pre-strain stress relaxation tests proposed by Shivers
et al. [2] (Figure 2.6e, Appendix A.25). For the pre-strain frequency sweep test, frequency
sweeps are performed at stepwise increasing pre-strains (𝛾0 = 0%, 5-20% in 1% steps, 25%)
encompassing the expected critical strain at around 16% based on strain ramp data. The strain
ramp at the rate of ̇𝛾 = 0.1%/𝑠 is used to go from the previous to the next pre-strain value,
followed by a 500𝑠 hold at the new pre-strain to equilibrate the system, and then an oscillatory
strain of amplitude 𝑑𝛾 = 0.5% is superimposed on 𝛾0 for the frequency range of 𝜔 = 0.01−10
rad/s sampling two frequencies per decade (Figure 2.6e). Zero-shear viscosity 𝜂″

0(𝛾0) is deter-
mined as the limit of dynamic viscosity 𝜂″(𝜔, 𝛾0) = 𝐺″ (𝜔,𝛾0)

𝜔 as 𝜔 approaches zero as defined
in Shivers et al. (Eq. 2.5) [2].

𝜂″
0(𝛾0) = lim

𝜔→0
𝜂″(𝛾0, 𝜔) ≊ 𝜂″(𝛾0, 𝜔 = 0.01) (2.5)

Since crosslinking dynamics are not considered in the simulated networks of Shivers et.
al., we experimentally test both uncrosslinked and glutaradehyde (GA)-crosslinked collagen
networks [2]. For crosslinking, the network polymerizes for 45 minutes with 1x PBS. Then,
the hood is lifted and a solution of GA in 1x PBS is added around the head before lowering
the hood again. Polymerization in the presence of 0.001% (w/v) GA is monitored for the next
three hours during which G’ and G’’ reach new plateau values (Appendix A.22. The pre-strain
frequency sweep is then carried out following the same protocol.
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Figure 2.6: Overview of the rheology protocols used in the study. (a) Frequency sweep test. (b)
Strain-controlled linear ramp test. (c) Stress-controlled linear ramp test. (d) Cyclic stress ramp test. (e)

Pre-strain frequency sweep, proposed by Shivers et al. [2],. A linear ramp at the shear strain rate of 𝛾̇ = 0.1%/s
brings the sample to the new pre-strain value 𝛾0. The sample is equilibrated with a 500s hold at 𝛾0. Then an
oscillatory strain of amplitude 𝑑𝛾 = 0.5% is superimposed on 𝛾0 for the frequency range of 𝜔 = 0.01 − 10
rad/s sampling two frequencies per decade. Inset: closer view of the frequency sweep carried out at 𝛾0 = 5%.

2.2.3. Data analysis
Through the strain ramp test, unique stress-strain curves are obtained for different collagen
microstructures. Their nonlinear elastic properties are quantified by extracting three character-
istic strains: the onset strain 𝛾𝑜 marking the start of nonlinearity; the critical strain 𝛾𝑐 where
a transition from bending to stretching-dominated rigidity is expected; and the rupture strain
𝛾𝑟 when fibers begin to break. 𝛾𝑜 is determined as the inflection point in 𝑑𝐾

𝑑𝛾 , corresponding
to the strain where the second derivative 𝑑2𝐾

𝑑𝛾2 has a maximum (Figure 2.7). The derivative is
computed with the numpy gradient function in Python. 𝛾𝑐 is defined as the inflection point of
𝐾(𝛾) corresponding to the strain where the first derivative 𝑑𝐾

𝑑𝛾 has a maximum. This is taking
a similar definition as Jansen et. al. [10], but without the logarithm as it is found to be numer-
ically unstable with the strain ramp data. 𝛾𝑟 = max𝛾 𝜎(𝛾) is defined as the strain where the
stress 𝜎 reaches a maximum. All the data and subsequent derivatives are smoothened using a
Gaussian kernel function before deriving the quantities.
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Figure 2.7: Determination of the onset and critical strain from the strain ramp data. A representative sample of
the 3.5 mg/mL atelocollagen networks polymerized at 37𝑜C is shown. The differential modulus K is defined as
K = 𝑑𝜎

𝑑𝛾 . The onset strain 𝛾𝑜 (circle symbol) is determined as the inflection point in 𝑑𝐾
𝑑𝛾 , corresponding to the

strain where the second derivative 𝑑2𝐾
𝑑𝛾2 has a maximum. The critical strain 𝛾𝑐 (star symbol) is determined as

the inflection point of 𝐾(𝛾), corresponding to the strain where the first derivative 𝑑𝐾
𝑑𝛾 has a maximum.

The yield stress 𝜎𝑦 in the stress ramp test is defined as the stress where 𝜂(𝜎) has the final
maximum value. For the loading rate of 𝜎̇ = 10 or 1 Pa/s, the yield point is extracted by
computing the numerical derivative of 𝜂(𝜎) and finding the final datapoint where 𝑑𝜂(𝜎)

𝑑𝜎 <
10−3s. For the loading rate of 𝜎̇ = 0.1 Pa/s, the noise in the data affects the stability of the
numerical derivative. Instead, a polynomial curve of degree 2 is fitted to the datapoints using
the numpy polyfit function, and the maximum in the fitted curve is taken as the yield point.
We define the peak strain 𝛾𝑝 = max𝛾 𝐾(𝛾) as the strain where 𝐾(𝛾) has a maximum.
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2.3. Results
2.3.1. Viscoelasticity in the low strain linear regime
We sought to characterize the viscoelasticity of different collagen microstructures in the low-
strain regime by subjecting them to a frequency sweep, consisting of small strain oscillations
d𝛾=1% over the range of 𝜔 = 0.01-10 rad/s. Collagen gels are prepared the same way as in
the first chapter of the thesis (Figure 1.7), by adjusting the collagen concentration (1.5, 3.5
mg/mL) and the polymerization temperature (26𝑜C, 30𝑜C, 37𝑜C) to create different network
microstructures.

Themeasured G’ andG’’ of the networks are presented in Figure 2.8a,b. An increase of slightly
less than half a decade is observed for G’ and G’’ across the frequency range. G’ is consistently
an order of magnitude larger than G’’, demonstrating the networks are dominantly elastic in the
low strain regime. G’ is larger for the networks polymerized at the temperature of 26𝑜C and
30𝑜C (3.5 mg/mL: G’(𝜔 =0.01) = 53 Pa, 42 Pa, respectively) compared to at 37𝑜C (3.5 mg/mL:
G’(𝜔=0.01)= 28 Pa), which tells us that the networks polymerized at lower temperatures are
more stiff.
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Figure 2.8: Frequency sweep to probe the frequency dependence of G’ and G’’ in the linear regime. (a)
The average storage modulus G’, (b) loss modulus G’’, and (c) loss tangent G’’/G’ plotted as a function of 𝑓 .
The error bars represent the standard deviation for N=4 (1.5 mg/mL polymerized at 26, 30, 37𝑜C; 3.5 mg/mL
polymerized at 26𝑜C), N=3 (3.5 mg/mL polymerized at 30𝑜C), and N=2 samples (3.5 mg/mL polymerized at

37𝑜C). (d-e) The fitted power law exponent 𝛼 to the curves in (a-b).
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Notably, from the slope we see that the frequency dependence of G’ and G” appears quali-
tatively different for the networks polymerized at 37𝑜C compared to the networks polymerized
at 26𝑜C and 30𝑜C. To investigate this trend, the loss tangent G”/G’, defined as the ratio of the
viscous and elastic component, is plotted in Figure 2.8c. For both 26𝑜C and 30𝑜C networks,
the loss tangent is initially smaller, suggesting that these networks are more elastic. G’’/G’
displays a marked increase with higher strain rates, which is expected due to dissipation by the
fluid phase. The network at 37𝑜C shows the opposite trend and is initially more viscous, and
becomes more elastic at higher frequencies. We quantified this observation by fitting a power
law with exponent 𝛼 to describe the slope of G’ and G” with f on the log-log plot (Figure 2.8
d,e). We find that at 26𝑜C and 30𝑜C, 𝛼𝐺′ is smaller than 𝛼𝐺″ , and at 37𝑜C 𝛼𝐺″ < 𝛼𝐺′ . These
results highlight the strong viscoelastic behavior of the networks polymerized at 37𝑜C, where
it displays a softer, more viscous response at lower frequencies and stiffer elastic response at
higher frequencies. It is important to mention that we noticed retrospectively that the strain of
1% lies in the linear elastic regime for the networks polymerized at 37𝑜C, but for the networks
polymerized at 26𝑜C and 30𝑜C, 1% lies closer to the nonlinear elastic regime (3.5 mg/mL:
onset strain 𝛾𝑜 =0.7% and 1.0%, respectively, Figure 2.10).
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2.3.2. Elasticity in the linear and nonlinear regime
We characterize the linear and nonlinear elasticity of the collagen samples by carrying out a
strain-controlled ramp at the strain rate of ̇𝛾 = 0.1%/s for 𝛾 =0-200%. In Figure 2.9a, an
overview of the stress-strain response of all the samples is shown. The stress is initially low
at small strains, and grows quickly as the network stiffens at intermediate strains. The stress
reaches a peak at high strain, beyond which the stress rapidly drops indicating network fracture.
The peak location is clearly distinct between the temperature conditions. Within a temperature
condition, the different collagen concentrations result in differences in the peak height. To
quantitatively describe the elasticity of the different collagen microstructures, the differential
modulus 𝐾 = 𝑑𝜎/𝑑𝛾 is computed. We show K as a function of strain in Figure 2.9b for the
networks polymerized at 37𝑜C. The curve 𝐾(𝛾) can be split into different elastic regimes, de-
fined by three characteristic strains. At low strains, the stress increases linearly with strain, so
the differential modulus remains constant (Figure 2.9b). Beyond the onset strain 𝛾𝑜 (triangle
marker), which is defined as the inflection point in 𝑑𝐾/𝑑𝛾, the network strain-stiffens as indi-
cated by the upturn in the curve. The nonlinear regime can be distinguished into two parts, the
bend-dominated and stretch-dominated regime as the region before and after the critical strain
𝛾𝑐 (circle marker), defined as the inflection point of 𝐾(𝛾), respectively. Finally, the rupture
strain 𝛾𝑟 is defined as the strain where the stress reaches its maximum value.
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Figure 2.9: Strain ramp to characterize the nonlinear elasticity of collagen. (a) The stress as a function of
strain of collagen networks during the strain ramp at 𝛾̇ = 0.1%/s. Each curve corresponds to a single sample,

and for each polymerization temperature, samples of different collagen concentrations (1.5, 2.5, and 3.5 mg/mL)
are plotted. (b) The average differential modulus 𝐾 plotted as a function of 𝛾 for networks polymerized at
37𝑜C with different collagen concentrations (N = 2, 3, 4 samples for 1.5, 2.5, and 3.5 mg/mL, respectively).

The onset of stiffening 𝛾𝑜 is marked with a triangle and the critical strain 𝛾𝑐 is marked by a circle. The shaded
area represents the standard deviation between samples. The degree of stiffening in the first part of the nonlinear
regime, between 𝛾𝑜 and 𝛾𝑐, is quantified by fitting a power law with exponent 𝛽 to the curve as shown by the

red dashed line.
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The average 𝛾𝑜, 𝛾𝑐, and 𝛾𝑟 values for different collagen concentrations and polymeriza-
tion temperatures are summarized in Figure 2.10a,b,c. We find that the characteristic strains
are strongly correlated with the temperature, with a weak concentration-dependence. The
networks polymerized at 37𝑜C stiffen and rupture at the largest strains (3.5 mg/mL: 𝛾𝑜 ∶
6.6±0.2%, 𝛾𝑐 ∶ 14.0±0.1%, 𝛾𝑟 = 77.9±3.4%). In contrast, the difference between networks
polymerized at 26𝑜C and 30𝑜C is small, and the networks stiffen and rupture at much lower
strains (3.5 mg/mL polymerized at 26𝑜C: 𝛾𝑜 ∶ 0.7±0.4%, 𝛾𝑐 ∶ 1.4±0.8%, 𝛾𝑟 = 10.4±1.8%;
3.5 mg/mL polymerized at 30𝑜C: 𝛾𝑜 ∶ 1.0 ± 0.4%, 𝛾𝑐 ∶ 2.1 ± 0.7%, 𝛾𝑟 = 10.1 ± 0.8%).
The stiffening degree in the bending-dominated nonlinear elastic regime is quantified by fit-
ting a power law with exponent 𝛽 to 𝐾(𝛾) between 𝛾𝑜 and 𝛾𝑐, as demonstrated in Figure 2.9b
with the dashed red line. The average stiffening exponent 𝛽 for each polymerization tempera-
ture and collagen concentration is shown in Figure 2.10d. 𝛽 shows a small temperature- and
concentration- dependence: 𝛽 decreases with increasing collagen concentration, and decreases
with lower polymerization temperatures.
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Figure 2.10: Characteristic strains strongly depend on polymerization temperature and weakly depend
on concentration, while the stiffening exponent weakly depends on both polymerization temperature and
concentration. (a-c) The onset strain 𝛾𝑜, critical strain 𝛾𝑐 and rupture strain 𝛾𝑟 as a function of the collagen
concentration. The averages are shown over N=3 samples for 2.5 mg/mL polymerized at 26𝑜C or 37𝑜C, and 3.5

mg/mL polymerized at 30𝑜C or N=2 samples for 3.5 mg/mL polymerized at 37𝑜C, and the rest for N=4
samples. The error bars represent the standard deviation between samples. (d) The average stiffening exponent
𝛽 determined by fitting the 𝐾(𝛾) curve between 𝛾𝑜 and 𝛾𝑐 for each sample is plotted here as a function of the

collagen concentration. The error bars represent the standard deviation.
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2.3.3. Time-dependent nonlinear mechanics and second-order phase transi-
tion

In the previous sections, we focused on characterizing the viscoelasticity in the low strain linear
regime, and the nonlinear elasticity of the collagen networks. However, a notion of their stress-
and time- dependent response to loading is missing from these experiments. To investigate this
further, we subject the networks to a linear stress ramp: here the strain rate is not controlled,
which enables us to observe the dynamics of the network deformation. In Figure 2.11 (left
panel), we show the deformation rate ̇𝛾 as a function of time for the ramp at the loading rate
of 𝜎̇ = 1 Pa/s, for a representative sample of the four different microstructures. The curves
show that ̇𝛾 is non-monotonic during the test: ̇𝛾 is larger at the start when the collagen network
elastically responds to low stresses. Then ̇𝛾 shows a sudden drop and recovery, after which it
further decreases as the network stiffens. The test ends with a sudden spike up in ̇𝛾 indicating
complete network failure.
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Figure 2.11: Non-monotonic strain rate during the stress ramp with two peaks in dissipation. The strain
rate 𝛾̇ as function of time (left panel), and the apparent viscosity 𝜂 as a function of stress 𝜎 (right panel) during
the ramp at 𝜎̇ = 1 Pa/s is shown here for a single representative sample for each collagen microstructure. The

red and the blue arrow point at the first and the second identified peak in dissipation, respectively.

We show the apparent viscosity, defined as 𝜂(𝜎) = 𝜎
𝛾̇ , as a complementary representation

of the network response (right panel, Figure 2.11). 𝜂 increases with 𝜎, indicating that the gel
shear-thickens. Yielding of the network is defined as the point where 𝜂 rapidly decreases. The
distinct drop we saw in ̇𝛾 manifests as a peak in 𝜂 (see red arrows), which occurs consistently
at a similar stress magnitude corresponding to a given microstructure. This peak shares a strik-
ingly similar shape to the critical signature found in the simulations of Shivers et. al. [2]. For
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the high concentration conditions, we also notice a second peak in 𝜂 at a higher stress magni-
tude (see blue arrows), most prominently at 30𝑜C. The second peak also occurs consistently at
a similar stress magnitude for a given condition.

The reproducibility of the two peaks in dissipation across samples within one condition sug-
gests that these peaks represent well-defined mechanical states of the network. To investigate
the nature of both peaks, we check where they lie within the elastic regimes described earlier.
We plot 𝜂(𝛾) and𝐾(𝛾) for all loading rates, for the 3.5 mg/mL networks polymerized at 30𝑜C
in Figure 2.12a, and at 37𝑜C in Figure 2.12b. Each curve represents a separate sample, and
the critical strain 𝛾𝑐 and peak strain 𝛾𝑝 in 𝐾 are marked by a star and a square, respectively.
Although 𝛾𝑐 is ill-defined for some samples, especially at the loading rate of 𝜎̇ = 10 Pa/s, we
find that the first peak coincides well with the critical strain (Figure 2.12), suggesting that this
peak represents the second-order phase transition that has been observed in the simulations of
Shivers et. al. [2]. The second peak coincides with the peak in the differential modulus.
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Figure 2.12: The first peak and second peak in dissipation occur, respectively, at the inflection point and
peak of the differential modulus. The differential modulus 𝐾 and the apparent viscosity 𝜂 plotted as a

function of 𝛾 for the stress ramps at the loading rate of 𝜎̇ = 10, 1, and 0.1 Pa/s. (a) for the 3.5 mg/mL networks
polymerized at 30𝑜C, (b) for the 3.5 mg/mL networks polymerized at 37𝑜C. The critical strain 𝛾𝑐 (star symbol)
is defined as the strain at the inflection point in K(𝛾), or maximum in 𝑑𝐾(𝛾)

𝑑𝛾 , and the peak strain 𝛾𝑝 (square
symbol) is the strain where K is maximal. Each curve represents a single sample. N=4 samples are shown for

each loading rate.
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To characterize the peak in 𝜂 at criticality for comparison to simulation findings, we man-
ually determine the two nearest datapoints flanking the divergence. All the strain values in
between the two datapoints are possible values of the divergence strain 𝛾𝑑. We plot 𝜂 for the
points 𝛾 < 𝛾𝑑 of a representative sample for all possible 𝛾𝑑, with the ramp loading rate of
𝜎̇ = 0.1 Pa/s in Figure 2.13a, and 𝜎̇ = 1 Pa/s in Figure 2.13b. Simulations from Shivers et.
al. describe the critical power law scaling relation as 𝜂0 − 𝜂𝑓 ∝ |𝛾 − 𝛾𝑐|−𝜆, where 𝜂0 is
the zero-shear viscosity, 𝜂𝑓 is the fluid viscosity, 𝛾𝑐 is the strain at onset of rigidity, with the
exponent 𝜆 = 1.5 [2]. For our data, we fit 𝜆 to the points close to 𝛾𝑑 (highlighted in color),
which is |𝛾 − 𝛾𝑑| ≤ 2% or |𝛾 − 𝛾𝑑| ≤ 2.5% in Figure 2.13a,b, respectively, according to
the experimental scaling relation 𝜂 ∝ |𝛾 − 𝛾𝑑|−𝜆. As shown in the plots (Figure 2.13a,b), the
shape of the curve is sensitive to the choice of 𝛾𝑑, and different possible 𝛾𝑑 results in different
values of the fitted 𝜆. We define the best fit 𝜆 as the 𝜆 which minimizes the weighted mean
square error WMSE in the fitting close to the divergence, and maximizes the WMSE in the
fitting including datapoints outside the divergence. The approach is described in more detail
in Appendix A.15. In Figure 2.13c, we summarize the best fit 𝜆 for the 3.5 mg/mL networks
polymerized at 37𝑜C. 𝜆 is more robustly determined at the loading rate of 𝜎̇ = 1 Pa/s with a
small standard deviation (𝜆 = 1.5 ± 0.1), and shows good agreement with theory. For the 1.5
mg/mL networks polymerized at 37𝑜C, and the networks polymerized at 30𝑜C, there are too
few data points at the divergence to determine 𝜆 using the same approach.
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Figure 2.13: Experimental fit of the divergence in apparent viscosity at criticality. (a-b) The apparent
viscosity 𝜂 of a 3.5 mg/mL atelocollagen network polymerized at 37𝑜C subject to the stress ramp at 𝜎̇ = 0.1
Pa/s (a) and 𝜎̇ = 1 Pa/s (b). The black markers represent the datapoints where 𝛾 < 𝛾𝑑, shown for all possible

values of the divergence strain 𝛾𝑑 between the manually determined nearest two datapoints flanking the
divergence in viscosity. The datapoints |𝛾 − 𝛾𝑑| ≤ 2% are fitted in (a), and the datapoints |𝛾 − 𝛾𝑑| ≤ 2% are
fitted in (b),to determine the critical exponent 𝜆 defined as 𝜂 ∝ |𝛾 − 𝛾𝑑|−𝜆. A different 𝜆𝑓𝑖𝑡 is obtained for
each value of 𝛾𝑑, shown with the dashed line. The theoretical fit from the simulations of Shivers et. al. with
𝜆 = 1.5 is plotted as the solid line [2]. (c) The best fit 𝜆 for the 3.5 mg/mL networks polymerized at 37𝑜C is
determined as the 𝜆 which minimizes the weighted mean square error WMSE in the divergence region, and

maximizes the WMSE beyond the divergence (see Appendix A.15 for details).
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Assuming that the first peak represents a second order mechanical phase transition, the first
peak in viscosity should be fully reversible. The second peak takes place before softening or
yielding of the network, suggesting that the peak can occur repeatedly. To assess the both peak
reproducibility, a cyclic loading experiment is carried out on 3.5 mg/mL networks polymerized
at 37𝑜C. Here we apply 6 cycles of the stress ramp at 𝜎̇ = 1 Pa/s, with each loading cycle
reaching an increasing final stress of 20, 30, 50, 70, 90, and 110 Pa (Figure 2.14). These
magnitudes are chosen to just capture the first peak with 𝜎 > 10 Pa and eventually reach
the second peak with 𝜎 > 70 Pa. 𝐾(𝛾) and 𝜂(𝛾) during the loading part of each cycle are
plotted in Figure 2.15a,b, respectively, for a single representative sample. The test confirms
the reproducible presence of the first and second peak: the first peak is observed in all 6 cycles,
while the second peak appears in the last three cycles when the final stress magnitude reaches
higher than 70 Pa. The second peak appears to grow more prominent between cycles 4, 5, and
6. The maximum in 𝐾 evolves with each loading cycle (370 Pa to 1600 Pa).
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Figure 2.14: The cyclic loading protocol where 6 cycles of the stress-controlled ramp at 𝜎̇ = 1 Pa/s with
increasing final stress magnitude in each cycle (20, 30, 50, 70, 90, 110 Pa) are imposed on the sample.
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Figure 2.15: First and second peak in dissipation occur robustly under cyclic loading. Figure 2.14 shows
the cyclic loading protocol used. The results of a single representative sample for 3.5 mg/mL atelocollagen
networks polymerized at 37𝑜C is shown in (a,b,d,e), for the loading part of each cycle (marker color follows

from Figure 2.14 and represents the cycle number). (a) 𝜂 is plotted as a function of 𝛾. The divergence strain 𝛾𝑑
where the first peak in dissipation occurs (shown as a solid line) is manually determined by selecting the nearest
two points flanking the divergence and taking the mean. (b) The differential modulus K is plotted as a function
of 𝛾, and the peak in K is marked by a cross. (c) The average 𝛾𝑑 and the corresponding 𝜎𝑑 = 𝜎(𝛾𝑑) in each
loading cycle (N=5 samples). (d) Subtraction of 𝛾𝑑 from the curve 𝜂(𝛾) leads to a collapse of the first peak in
dissipation for all cycles. (e) Subtraction of 𝛾𝑑 from 𝐾(𝛾) shifts the curves without collapse. (f) The distance
between 𝛾𝑑 and the peak strain 𝛾𝑝 in each loading cycle (N=5 samples). The error bar in (c,f) represents the

standard deviation.

At the end of each cycle, the network is brought back to 𝜎 = 0 Pa. However, there is a
large shift in the starting strain for each subsequent cycle (from 0% to 31%). This is accom-
panied by a shift in the divergence strain 𝛾𝑑 where the first peak in 𝜂 occurs. 𝛾𝑑 is estimated
here by taking the mean strain of the two closest datapoints flanking the divergence. In Figure
2.15c, we show the average 𝛾𝑑 and the associated 𝜎𝑑 = 𝜎(𝛾𝑑) for each loading cycle over
N=5 samples. 𝛾𝑑 shows large variability between samples and increases by 28% from the first
(19 ± 4%) and last cycle (47 ± 12%). On the other hand, 𝜎𝑑 decreases slightly from the first
(13.2 ± 1.1 Pa) to the last cycle (7.59 ± 0.67 Pa) with little variability between samples. In
Figure 2.15d,e, we shift the 𝜂(𝛾) curves by subtracting 𝛾𝑑, leading to a collapse of the first
peak in viscosity for all cycles. The shifted 𝐾(𝛾) curves do not entirely collapse as function
of 𝛾 (Figure 2.15e), suggesting that the mechanical trajectory in each cycle is qualitatively dif-
ferent. In Figure 2.15f, we plot the distance between the divergence strain 𝛾𝑑 and peak strain
𝛾𝑝, which slightly increases with each loading cycle.

While the first peak likely captures the critical slowing down of the network, the second peak at
themaximumof the differential modulus𝐾 has not been described in previous works. We spec-
ulated on the origins of the second peak, whichmanifests at the end of the stretching-dominated
nonlinear regime. Prior works have shown that collagen networks develop a load-bearing sub-
network past the critical strain [60]. Considering that the second peak in dissipation occurs
when the sub-network is maximally stretched and stiffened, we hypothesize that plastic fib-
ril lengthening may provide the network with an additional degree of freedom to redistribute
stress.
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To explore this possibility, we carry out the linear stress ramp until failure, and the cyclic
loading experiment on 3.5 mg/mL telocollagen networks polymerized at 37𝑜C (Figure 2.16).
Telocollagen monomers contain the terminal telopeptide which is able to create much stronger
covalent intra-fibrillar crosslinks compared to atelocollagen, and thus is expected to show re-
duced fibril-level plasticity [3]. Telocollagen networks show no visible second peak in dis-
sipation during the linear stress ramp at the loading rate of 𝜎̇= 1 Pa/s (Figure 2.16a). In the
cyclic loading protocol, the first peak in dissipation is similarly reproduced in every cycle,
whereas the second peak does not appear prominently in any cycle (Figure 2.16b, Appendix
A.17). However, there is again substantial residual strain after unloading, reaching 39% in the
last cycle. The plot of 𝐾(𝛾) shows a similar increasing maximum stiffness reached in each
cycle as observed for atelocollagen networks. The increase in 𝐾 (180 Pa to 770 Pa) is less
than observed for atelocollagen.
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Figure 2.16: The second peak in dissipation is suppressed in telocollagen networks. (a) 𝜂 as a function of 𝜎
during the stress ramp with loading rate of 1 Pa/s for 3.5 mg/mL telocollagen networks polymerized at 37𝑜C
(N=4). Inset shows the loading protocol. (b-c) The results of the cyclic stress ramp experiment for a single
representative sample for 3.5 mg/mL telocollagen networks polymerized at 37𝑜C. (b) 𝜂 as a function of 𝛾 is
plotted for the loading part of each cycle. The inset shows the loading protocol, where we impose 6 cycles of a
linear stress ramp at 1 Pa/s with increasing final stress magnitude (20, 30, 50, 70, 90, 110 Pa) on the sample. (c)

The differential modulus K is plotted as a function of the strain 𝛾 for the loading part of each cycle.
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Lastly, we want to see whether the atelocollagen network’s dynamic response to stress
varies with the experiment timescale, so the stress ramp is conducted at three different load-
ing rates (𝜎̇ = 0.1, 1, 10 Pa/s). In Figure 2.17a, 𝜂(𝜎) is plotted for 1.5 mg/mL atelocollagen
networks polymerized at 37𝑜C. We observe a decrease in the yield viscosity 𝜂𝑦, defined as the
maximum viscosity reached in the curves (excluding transient peaks), and increase in the yield
stress 𝜎𝑦 = 𝜎(𝜂𝑦) with higher loading rates. Normalizing 𝜂 with 𝜂𝑦 and 𝜎 by 𝜎𝑦 results in a
collapse onto a master curve, suggesting that 𝜂𝑦 and 𝜎𝑦 fully capture the differences between
loading rates (Figure 2.17b). The factor increase in 𝜂𝑦 with respect to the fastest loading rate
is plotted in Figure 2.17c. At 37𝑜C the increase in 𝜂𝑦 is almost directly proportional to the
decrease in 𝜎̇, while at 30𝑜C the increase in 𝜂𝑦 is smaller with decreasing 𝜎̇.

We also observe a slight shift of the curves towards higher stresses with higher loading rates.
However, the yield stress 𝜎𝑦 we quantify could represent both yielding or delamination from
the plates. As an alternative approach, we check if the strain 𝛾𝑑 and stress 𝜎𝑑 at the first di-
vergence also shifts with the loading rate. Since the divergence occurs at much lower strains,
we can presume that delamination has not occurred. 𝛾𝑑 and 𝜎𝑑 is manually determined for
each curve and is plotted in Figure 2.17d and e. We find that both 𝛾𝑑 and 𝜎𝑑 show a weak
loading-rate dependence.
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Figure 2.17: Loading-rate dependence of the apparent viscosity, and stress and strain at divergence.
Stress ramps are performed at different loading rates 𝜎̇ = 0.1, 1, 10 Pa/s. (a) 𝜂 as a function of 𝜎 plotted for 1.5

mg/mL atelocollagen networks polymerized at 37𝑜C. Each curve represents a separate sample. (b)
Normalization of the curve with the yield viscosity 𝜂𝑦 and the yield stress 𝜎𝑦 leads to a collapse onto a master
curve. (c) The average factor change in 𝜂𝑦 compared to 𝜂𝑦 for the 10 Pa/s loading rate, as a function of 𝜎̇. The

critical divergence strain 𝛾𝑑 is determined manually by selecting the nearest two points flanking the first
divergence in viscosity and taking the mean of the strains. (d) 𝛾𝑑 and associated (e) 𝜎𝑑 = 𝜎(𝛾𝑑) is plotted as a
function of 𝜎̇. The hollow and solid markers represent the 1.5 mg/mL and 3.5 mg/mL networks, respectively.

The average is taken over N= 4 or 5 samples for each condition, and error bars represent the standard deviation.



2.4. Discussion 49

2.4. Discussion
Prior studies have emphasized the network connectivity to govern the elastic and fracture re-
sponse of collagen. However, numerous works also provide evidence of the viscoelastic, in-
elastic, and plastic behavior of collagen, highlighting timescale as a crucial but under explored
point in the structure-mechanics relation. In this study, we characterize the bulk mechanics
of collagen networks using the well-established strain ramp and frequency sweep tests. To ex-
amine their dynamic response to loading we conduct stress-controlled ramp experiments. The
key findings are discussed and interpreted in the following sections.

2.4.1. Linear viscoelasticity and nonlinear elasticity
The networks polymerized at 37𝑜C are the softest and display strong viscoelastic behavior:
they are the most viscous at low frequencies and become more elastic at higher frequencies
(Figure 2.8a,c). The networks polymerized at 26𝑜C and 30𝑜C are stiffer and in general more
elastic: they show a weaker frequency dependence of G’ for the range we tested (Figure 2.8d).
The viscoelastic behavior we find differs from the results of Jansen et al. [10]. There, they
conducted a frequency sweep test by applying oscillatory shear with amplitude 𝑑𝛾 = 0.5%
over a similar frequency range of 0.05-10 Hz. They found little temperature dependence of the
loss tangent G”/G’ at the frequency of 0.5 Hz, and the networks polymerized at 26𝑜C, 30𝑜C,
and 37𝑜C were similarly elastic with G”/G’ ≈ 0.13. The differences are most likely due to
the collagen type, as they used rat-tail collagen with intact telopeptides, which enable stronger
covalent fibril-fibril interactions.

We found that the polymerization temperature dominantly controls the characteristic strains
in the strain ramp test. The collagen networks polymerized at 37𝑜C show the largest onset,
critical and rupture strain, and stiffening exponent 𝛽, while the networks polymerized at 26𝑜C
and 30𝑜C show similar, and much lower, onset, critical and rupture strain (Figure 2.10a,b,c,d).
The results from the strain ramp are in agreement with previous works. A similar temperature-
dependence of the onset and critical strain was found with rat-tail collagen in the work of
Jansen et al. [10], and the temperature-dependence of the rupture strain was found with colla-
gen from different sources (rat-tail, bovine, human) in the work of Burla et al. [3]. The strong
correlation between polymerization temperature and the characteristic strains of the network
is attributed to changes in the average network connectivity <z>; where higher polymerization
temperatures lead to networks with lower <z>, based on the fitting of the onset strain measure-
ments to 2D simulations of disordered networks with varying <z> [3, 10]. The onset strains
we found can also be fitted to the simulations of Jansen et al. [10]. Our model-estimated <z>
(Figure 2.18) ranges from <z>= 3.2-3.4 for networks polymerized at 37𝑜C, <z>= 3.6-3.9 for
networks polymerized at 30𝑜C and <z>= 3.7-4.0 for networks polymerized at 26𝑜C, which
are all larger than the image-estimated <z> in Chapter 1 (Figure 1.12). To confirm either find-
ings, the average connectivity should be manually checked using the 3D confocal fluorescence
images of the collagen networks (Figure 1.7).
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Figure 2.18: Average network connectivity <z> determined by comparing rheological measurements of
the onset strain 𝛾𝑜 to the 2D simulations of disordered networks by Jansen et al. [10]. The dashed line

represents the relation between 𝛾𝑜 and <z> found with simulations [10]. The markers represent the fitting of the
experimentally determined 𝛾𝑜 from the strain ramp tests with bovine atelocollagen I networks (1.5, 2.5, and 3.5

mg/mL) polymerized at 26𝑜C, 30𝑜C, or 37𝑜C.

2.4.2. Collagen networks exhibit a transient peak in dissipation at the critical
strain

The simulations by Shivers et al. have shown that subisostatic disordered networks exhibit non-
affine fluctuations under shear, which growwith a power law scaling with the distance from the
critical strain. [2]. At the critical strain, the networks undergo a second order phase transition
from bending to stretching dominated rigidity. By the principle of energy conservation, the
divergence in nonaffine fluctuations corresponds with a divergence in the zero-shear viscosity,
and the slowest relaxation time of the network [2]. Experiments have captured the continu-
ous change of the order parameter, the differential modulus 𝐾, as a function of the strain in
collagen networks [8, 9], however, measurement of diverging critical signatures have evaded
prior rheological studies. We present here the first experimental observation of a divergence
in apparent viscosity 𝜂 at the critical strain in collagen networks. The presence of the critical
divergence of 𝜂 is confirmed in all atelocollagen network microstructures (1.5 and 3.5 mg/mL
networks polymerized at 30𝑜C and 37𝑜C), as well as in telocollagen networks (3.5 mg/mL poly-
merized at 37𝑜C) (Figure 2.11, 2.16). Unlike the permanently crosslinked networks simulated
by Shivers et. al. [2], we thus show that the transiently crosslinked atelocollagen networks can
also display the critical signature. The critical exponent 𝜆, which describes the power law scal-
ing of 𝜂 close to the critical strain, is determined from the stress-ramp data using a weighted
mean square error approach (Appendix A.15), and the value we find (𝜆 = 1.5 ± 0.1) for 3.5
mg/mL atelocollagen networks for the loading rate of 𝜎̇ = 1 Pa/s, shows good agreement with
the theoretical value 𝜆 = 1.5 [2]. For lower collagen concentrations and polymerization tem-
peratures, the best fit 𝜆 is difficult to reliably determine due to noise and the sparsity of data
points. The reversibility of the critical divergence in 𝜂 is demonstrated in the cyclic loading
experiments with atelo- and telocollagen networks, where the characteristic peak consistently
reappears in all loading cycles (Figure 2.15, 2.16). Telocollagen networks exhibit less plas-
ticity compared to atelocollagen networks as seen in the overlap of the divergence in the first
two loading cycles, but both networks show significant residual strain when stressed further
beyond criticality in the subsequent loading cycles. The elastic nature of the phase transition
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can therefore be more effectively assessed by cyclic loading of the networks to a constant, low
stress magnitude of 15–20 Pa, remaining as close to the critical strain as possible.

2.4.3. Collagen networks exhibit a second transient peak in dissipation at
peak stiffness

We present new evidence that collagen networks exhibit another peak in dissipation past the
critical strain, coinciding with the peak in the differential modulus. To the best of our knowl-
edge, no experiments or simulations have described the presence of a second dissipative peak in
the nonlinear regime. The magnitude of the second peak varies between microstructures (Fig-
ure 2.11), suggesting it is sensitive to microscopic features of the network: the second peak
is most visible in the 3.5 mg/mL atelocollagen networks, and the peak magnitude is larger in
the networks polymerized at 30𝑜C compared to 37𝑜C. The second peak is suppressed in the
stress ramp and cyclic loading experiments with telocollagen networks (Figure 2.16). Which
prompts the question, what is the origin of the second peak?

For this high stress magnitude, we imagine that the underlying load-bearing subnetwork is
maximally stretched. The stress distribution across this subnetwork can be highly heteroge-
neous, as evidenced in both experiments and simulations [3, 30, 68]. We hypothesize that the
second peak in dissipation corresponds to a structural transition of the network for supporting
a more homogeneous stress distribution. This transition is driven by nonaffine network rear-
rangements, facilitated by fiber rupture or plastic fiber lengthening (Figure 2.19). In the cyclic
loading experiment with 3.5 mg/mL atelocollagen networks polymerized at 37𝑜C, the second
peak grows between cycles 4, 5, and 6 (Figure 2.15, Appendix A.16), supporting the idea of
inelastic or plastic changes in the network influencing the second peak magnitude.

Shear direction

Fiber lengthening 

Fiber rupture

X

Z

Figure 2.19: Schematic of hypothesized inelastic and plastic mechanisms affecting the load-bearing
subnetwork at the second peak in dissipation. The collagen network, sheared along the positive X direction,
develops a load-bearing subnetwork past the critical strain (depicted in pink). Nonaffine fluctuations places a
few fibers (dark pink) under greater strain than other fibers. They can lengthen or rupture to alleviate their
stress, giving rise to additional nonaffine network rearrangements at the end of the stretching-dominated

nonlinear elastic regime.

The microstructural dependence of the second peak magnitude may be explained by differ-
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ences in the fiber plasticity or fiber bending rigidity of the networks. Plastic fiber lengthening
could provide the networks with an extra degree of freedom for stress relaxation, after they
are maximally stretched. Burla et al. demonstrated that bovine atelocollagen networks exhibit
significant plastic fiber lengthening, while bovine telocollagen networks show minimal plas-
tic lengthening [3]. Plastic fiber lengthening is also identified as a mechanism by which the
rupture of collagen networks can be modulated to occur at lower or higher strain. In the first
chapter, we found that collagen networks formed at lower temperatures and higher concentra-
tions have the highest degree of bundling (Chapter 1, Figure 1.7). Combining this observation
with the stress ramp data suggests that weak fibril-fibril interactions within bundles may in-
fluence the peak magnitude. Our stress ramp results with 3.5 mg/mL telocollagen networks
polymerized at 37𝑜C also align with the idea: the stronger fibril-fibril interactions suppresses
the second peak (Figure 2.16, Appendix A.17). This is assuming that telocollagen networks
are structurally similar to atelocollagen networks with the same concentration and polymer-
ization temperature, which can be confirmed by 3D fluorescence imaging as performed in the
first chapter.

Additionally, it seems possible that the magnitude of nonaffine fluctuations arising from local
fiber rupture, could be influenced by the fiber bending rigidity 𝜅. Bending rigidity is shown
to control the magnitude of the zero-shear viscosity 𝜂0 at criticality in the simulated networks
of Shivers et al., according to 𝜂0(𝛾𝑐) − 𝜂𝑓 ∝ ̃𝜅− 𝜆

𝜙 , where ̃𝜅 is the dimensionless bending
rigidity, 𝜂𝑓 is the fluid viscosity, 𝜆 and 𝜙 are critical exponents [2]. The different collagen
network microstructures explored in this thesis are expected to have different ̃𝜅. The collagen
concentration 𝑐 is correlated with ̃𝜅 following the relation ̃𝜅 ∝ 𝑐 derived by Sharma et al. [9].
The polymerization temperature influences the fiber thickness (Chapter 1, Figure 1.10) [10],
with thicker fibers expected to have a higher 𝜅, which leads to a higher ̃𝜅 of the network. Te-
locollagen forms stiff fibers because of covalent fibril-fibril interactions. Based on this, the
networks can be qualitatively ranked from lowest to highest dimensionless bending rigidity:
1.5 mg/mL 37𝑜C, 1.5 mg/mL 30𝑜C, 3.5 mg/ml 37𝑜C, 3.5 mg/ml 30𝑜C, 3.5 mg/ml 37𝑜C te-
locollagen. The second peak is therefore maximized at an intermediate ̃𝜅, with a reduction
in the second peak magnitude with increasing ̃𝜅 with telocollagen, or with decreasing ̃𝜅 with
the 1.5 mg/ml concentration condition. Figure 2.19 summarizes the hypothesized origins of
the second dissipative peak where fiber lengthening, or fiber rupture within the load-bearing
subnetwork, or a combination of both could give rise to dissipative nonaffine fluctuations in
the high-strain regime.

2.4.4. Study limitations
For most experimental conditions, data are collected from N=4 samples across two indepen-
dent batches. However, for a few conditions, only N=3 or N=2 samples are collected. Given
the large sample-to-sample variation of the gels, increasing the number of independent sam-
ples would improve the robustness of the data. Nevertheless, the main conclusions from the
findings remain the same.

Atelo- and telocollagen networks both display a significant increase in the residual strain, and
in the maximum stiffness reached during the cyclic loading experiment (Figure 2.15, 2.16).
Overlooking the shift in the strain, the mechanical response of the network is not drastically



2.4. Discussion 53

different, so the shift is most likely an artifact of the test on top of small plastic changes in
the network. The apparent increase in the stiffness suggests there is inadequate resting time
between cycles for the viscoelastic collagen networks. After reaching the zero-stress state, ad-
ditional time should be implemented for the network to also reach zero-strain at the end of each
cycle [69]. Then a collapse of 𝐾(𝛾) and 𝜂(𝛾) is expected with subsequent cycles. To rule out
the possibility of transient crosslinking influencing the response, bi-directional cyclic loading
tests, where the network is sheared in both positive and negative shear directions, should be
performed instead of uni-directional loading tests.

Finally, the pre-strain frequency sweep and pre-strain stress relaxation experiments proposed
by Shivers et al. [2] are also tested (Figure 2.6e, Appendix A.25); however, critical signatures
are not observed in either test. To encompass the critical strain, pre-strain steps of 1% are
taken, however it is possible that the critical signatures are missed with these step sizes. Deter-
mination of the slowest relaxation time from the pre-strain relaxation test is hindered by noise
as it approaches the sensitivity limit of the rheometer for small torques (Appendix A.26,A.27).
The pre-strain frequency sweep test data is less noisy, but we could not see a divergence in
𝜂″

0 (Appendix A.21,A.23,A.24). However, both tests are strain-controlled, and rapid, transient
spikes in stress may be hidden due to the indirect feedback loop between the applied torque
and the measured deflection angle used to control strain on a stress-controlled rheometer. Sim-
ilarly, no divergence in 𝜂 is observed during the strain-controlled ramp (Appendix A.10). To
confirm whether the critical signatures are missed due to strain-controlled experiments being
performed on a stress-controlled rheometer, a strain-controlled ramp should be performed on
a true strain-controlled rheometer.

2.4.5. Outlook
Future research is needed to understand the origins and role of the observed second peak in
dissipation. The absence of a second peak in dissipation for the 1.5 mg/mL networks may be
because the collagen response is too weak to be detected with the 20 mm diameter cone-plate
head geometries, and should be tested with larger diameters. Preliminary tests with the 30 mm
and 40 mm cone-plate diameters show that the measured responses are less noisy (Appendix
A.20), and results hint at a small second peak bump for the 1.5 mg/mL atelocollagen networks
polymerized at 37𝑜C. The influence of the microstructure on the second peak magnitude could
also be further investigated with a larger range of collagen networks, prepared at lower poly-
merization temperatures or higher collagen concentrations (i.e. 26𝑜C, and 5.5 mg/mL). In the
cyclic loading experiments with atelocollagen networks we found that the second peak in dis-
sipation becomes more prominent in the final three cycles (Figure 2.15, Appendix A.16). The
observed change in the second peak magnitude could be further investigated by performing a
bi-directional cyclic loading experiment at a constant high stress magnitude of 90 Pa, for an
increased number of cycles. It would be interesting to see whether collagen networks weaken
with repeated high-stress loading, and if this change could be correlated with an evolution of
the second peak.

Fiber elongation and fiber crosslinking are thought to occur over minutes to several hours ac-
cording to the literature [59]. The preliminary pre-strain stress relaxation test suggests that the
network relaxation time is at least >1000s (Appendix A.26, A.27). However, with the stress-
controlled ramp at the slowest loading rate the maximum test duration is limited to 1500s or
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shorter before the sample ruptures. To further investigate the time-dependent mechanical be-
havior of collagen, creep tests can be conducted at very low stress magnitudes (10–20 Pa),
giving access to an extended range of experimental timescales from hours to days.

Lastly, this chapter focuses on exploring the mechanics of isotropic networks. However, in
many tissues the collagen network is globally or locally anisotropic, so it is relevant to charac-
terize their mechanics. Dedroog et al. describe a method to create anisotropic gels by applying
shear stress during polymerization [70]. The method could be used to systematically generate
microstructures with varying degrees of alignment.

2.5. Conclusion
The results of this chapter provide new insights into the deformation dynamics of collagen
networks in the high shear strain regime, an aspect of their mechanics that has received lim-
ited attention. We present the first experimental observation of the second order critical phase
transition in collagen networks by capturing their diverging viscosity at criticality, and find ev-
idence of another peak in dissipation at the end of the nonlinear elastic regime. While further
work is needed to establish the origins of the second dissipative peak, the microstructural-
dependence of the peak magnitude supports the idea that other structural parameters besides
<z> likely control the mechanical behavior. The findings contribute to our fundamental un-
derstanding of collagen network mechanics, provide insights into how cells may interact with
their microenvironment, and, from a materials perspective, inspire new approaches for tissue
engineering that leverage the strain-dependent mechanics of hierarchical, subisostatic network
structures.



Conclusion

Collagen networks are fundamental structural components of the extracellular matrix and are
increasingly being recognized for their role as biocompatible cellular scaffolds in in vitro stud-
ies, and as biomaterials for tissue engineering applications. Recent research is also looking
into composite biopolymer networks for their synergistic mechanical properties. Despite the
growing complexity of systems that use collagen networks, the fundamental connection be-
tween their structure and mechanics is still not fully understood. In this thesis, we focused
on studying the structure and mechanical properties in the simplest model system of acellular
reconstituted collagen I gels.

In the first chapter, we explored the 3D microstructure of collagen I gels combining confocal
fluorescence microscopy and image analysis. By exploiting the known sensitivity of the colla-
gen self-assembly process to the concentration and the polymerization temperature, a range of
different collagen network structures were prepared and imaged. We introduced and utilized
the ToFiE workflow as an automated image analysis tool to study the 3D network morphology
and topology, marking the first efforts to experimentally extract the connectivity of collagen
networks from images, and provided insights into the morphological changes in the network
structure (edge lengths, fiber thickness, heterogeneity length scale).

In the second chapter, we used rheology to investigate a new aspect of collagen mechanics,
the deformation dynamics in the nonlinear regime. We showed that collagen networks exhibit
two transient peaks in viscosity under shear stress. The observed critical divergence in vis-
cosity is the first experimental evidence for the second-order mechanical phase transition in
collagen networks, as predicted by simulations. The second peak in viscosity occurs at peak
stiffness, with a microstructural-dependence of the peak magnitude. We provided several hy-
potheses for the origins of the second dissipative peak. Our findings suggest that, in addition
to the described relationship with nonlinear elasticity and fracture, the microstructure can also
influence other aspects of collagen mechanics, such as their strain-dependent relaxation dy-
namics. The approach presented here can be more generally extended to provide insights into
the dynamic mechanical behavior of other biopolymer networks.

In this thesis, the structure and mechanics of collagen networks were investigated separately.
Future work can look into experiments with the in-house rheo-confocal setup, which allows
imaging the networks during shear. The rheoconfocal setup consists of a rheometer head
mounted on top of an inverted confocal microscope (Figure A.28). Preliminary trials have
been carried out, where fluorescently labeled collagen networks were imaged during the stress-
controlled ramp at the loading rate of 0.1 Pa/s (Appendix A.9.2). The temporal and spatial
resolution of the timelapse images require optimization, however, improving these aspects
would enable tracking nonaffine fluctuations, and provide direct visualization of the structural
changes occurring within the network at the second peak in dissipation.
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A
Appendix

A.1. Protocol: NHS ester labeling for fluorescent
collagen

Risa Togo and Irène Nagle

The methods of Remy et al. and Doyle et al. are adapted and optimized in this protocol for
labeling bovine atelocollagen type I with DyLight™ 550 NHS Ester [35, 36].
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Stock conc. Final conc. Volume
Bovine atelocollagen I 9.99 mg/mL 5 mg/mL 1010 µL
PBS 10x 1x 200 µL
MilliQ 690 µL
NaOH 0.1M 5% 100 µL

Total: 2000 µL

Table A.1: Scheme for the preparation of 2 mL of 5 mg/mL bovine atelocollagen solution.

Method
Bovine atelocollagen type I (Biomatrix Fibricol, Advanced BioMatrix) is neutralized to pH
7.4 in one part 10x phosphate-buffered saline (PBS, pH 7.4, Gibco), 0.1M NaOH, and MilliQ
water, to a final volume of 2 mL and a collagen concentration of 5 mg/mL. A representative
scheme is shown in table A.1. The solution is mixed in a centrifuge tube on ice by pipetting up
and down without introducing bubbles, and then transferred to a glass vial. The pH is checked
to be close to 7.4 using pH strips. The solution is incubated in a water bath at 37𝑜C for 90
minutes or until gelation is complete and a smooth opaque gel had formed in the vial. Then
the gel is rinsed twice with 5 mL of 1x PBS for ten minutes each. A two-molar excess of
DyLight 550 NHS ester dye solution (ThermoScientific™, 10 mg/mL in anhydrous DMSO)
is pre-mixed in a buffer consisting of 3 mL of MilliQ and 1 mL of 1M carbonate buffer (1M
NaHCO3 adjusted to pH 8.3 with 1M Na2CO3) and added to the gel at room temperature. The
volume of dye solution (16 µL) is calculated based on themass of collagen in the gel, molecular
weight of the dye, 2-molar excess of dye and the concentration of the dye stock solution (Doyle
et. al. 2018). The MW of DyLight™ 550 NHS Ester is 1040 g/mol, and the MW of collagen I
is theoretically in the range of 130-140 kDa, but variations may exist due to biological reasons
such as species, post translational modifications, and experimental factors.

Collagen in mg
Collagen MW

×(Dye molar excess)×(Dye MW)×(Dye conc. (µL/mg)) = Dye volume in µL

(A.1)

10 mg
130000 MW

× 2× 1040× 100 = 16 µL (A.2)

The dye solution is removed from the gel after one hour and replaced with 10 mL of 50 mM
Tris buffer (pH 7.5) to quench the dye reaction for ten minutes. Unbound dye molecules are
removed through six sequential washing steps with 5 mL of 1x PBS at room temperature, each
time for 30 minutes. In the last wash, all the PBS is discarded. Then 1 mL of cold 20 mM
HCl and additional drops of 1M HCl in increments of 10 µL is added to bring the pH down to
2 and dissolve the gel. To help the dissolution, the gel is gently agitated for 1-2 hours at 4°C.
The final labeled collagen solution is stored at 4°C in the dark.
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Additional notes and troubleshooting
The size of the glass vial to hold the gel should not be too large such that a thin and weak gel is
formed, or too small, as the limited surface area will hinder the diffusion of the dye. The p1000
pipette is used to slowly add and aspirate solutions during rinsing and incubating steps to dis-
turb the gel as little as possible. The carbonate buffer is made on the day of carrying out the
protocol. To obtain a higher concentration of labeled collagen solution, the concentration of
the initial gel can be increased or a smaller volume of HCl can be used at the end for dissolution.
The labeled solution should look homogeneous, transparent, and brightly coloured. Depend-
ing on the age of the NHS ester dye, the labeling reaction can be less efficient. We determine
that a two-molar excess works well for labeling with DyLight™ 550 NHS Ester or DyLight™
633 NHS Ester. However, we found that DyLight™ 633 photobleaches easily and therefore
is not suitable for acquiring z-stacks. The two-molar excess is too high for DyLight™ 488
NHS Ester and Alexa Fluor™ 488 NHS Ester dyes, producing overlabeled collagen that form
aggregates and curly fibers. For DyLight™ 488 and Alexa Fluor™ 488, a one-molar excess or
lower is found to be optimal although the result does not give a very bright fluorescence signal.

The labeled gels are prepared with a 1:2 mass fraction of labeled collagen monomers to ob-
tain a good signal-to-noise ratio in images with negligible influence on the resulting structure
and mechanics. A 1:1 mass fraction gives brighter fluorescence signal but seems to influence
the structure under specific conditions from our qualitative observations. The salt present in
the labeled collagen solution is accounted for by reducing the PBS added such that the resultant
gel still consists of one part 10x PBS. As too high of a salt concentration can interfere with the
kinetics of self-assembly, when we did not make these salt adjustments, network polymeriza-
tion is largely inhibited at lower temperatures and higher collagen concentrations.

Schemes for making labelled collagen gels

1.5 mg/mL collagen, pH 7.4, (1:2 mass fraction of labeled to unlabeled)
Stock conc. Final conc. Volume

Unlabelled collagen 9.9 mg/mL 1 mg/mL 10.10 µL
Labelled collagen 3.33 mg/mL 0.5 mg/mL 15.02 µL

PBS 10x (𝑆adj
10 ) × (𝑉total −
𝑉labeled)

9.0 µL
MQ (milliQ water) 63.88 µL
NaOH 0.1 M 2% 2 µL

Total: 100 µL

Salt adjustment
( 2

30 × 0.1502) + (𝑆adj
10 × 0.8498) = 1

10 (10x PBS)
𝑆adj = 1.059
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2.5 mg/mL collagen, pH 7.4, (1:2 mass fraction of labeled to unlabeled)

Stock conc. Final conc. Volume

Unlabelled collagen 9.9 mg/mL 1.67 mg/mL 16.87 µL

Labelled collagen 3.33 mg/mL 0.833 mg/mL 25.02 µL

PBS 10x (𝑆adj
10 ) × (𝑉total −
𝑉labeled)
8.32 µL

MQ (milliQ water) 45.79 µL

NaOH 0.1 M 4% 4 µL

Total: 100 µL

Salt adjustment
2

30 × 0.2502 + 𝑆adj
10 × 0.7498 = 1

10 (10x PBS)
𝑆adj = 1.11

3.5 mg/mL collagen, pH 7.4, (1:2 mass fraction of labeled to unlabeled)

Stock conc. Final conc. Volume

Unlabelled collagen 9.9 mg/mL 2.33 mg/mL 23.57 µL

Labelled collagen 3.33 mg/mL 1.17 mg/mL 35.04 µL

PBS 10x (𝑆adj
10 ) × (𝑉total −
𝑉labeled)
7.67 µL

MQ (milliQ water) 28.72 µL

NaOH 0.1 M 5% 5 µL

Total: 100 µL

Salt adjustment
2

30 × 0.3504 + 𝑆adj
10 × 0.6496 = 1

10 (10x PBS)
𝑆adj = 1.18
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A.2. Labeled collagen gel structure and mechanics
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Figure A.1: Labeled collagen networks show little differences in microstructure compared to the
unlabeled collagen networks. Maximum intensity projection of confocal reflectance images of the collagen

gels prepared with (top) or without labeling (bottom) over a depth of 9.9 µm, with a 1:2 mass fraction of Dylight
550 labeled to unlabeled collagen monomers for the labeled networks. The scale bar represents 30 µm, and the

total image size is 112 µm.
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Figure A.2: Frequency sweep with 1:2 labeled or unlabeled collagen gel. The storage G’ (a,d), loss modulus
G’’ (b,e), and loss tangent G”/G’ (c,f), plotted as a function of the oscillation frequency for 1.5 mg/mL and 3.5
mg/mL networks polymerized at 26𝑜C (a-c), and at 37𝑜C (d-f). Each curve represents a separate sample for the
labeled collagen. The average curve over N=4 samples is shown for the unlabeled collagen with the error bars
representing the standard deviation. For the 3.5 mg/mL unlabeled network polymerized at 37𝑜C, N=2 samples

is shown.
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Figure A.3: Strain ramp with 1:2 labeled or unlabeled collagen gel. The stress-strain response during a
strain-controlled ramp at 𝛾̇= 0.1%/s for 1.5 mg/mL and 3.5 mg/mL collagen networks polymerized at 26𝑜C (a),
and at 37𝑜C (b). Each curve represents a separate sample for the labeled collagen. The average curve over N=4
samples is shown for the unlabeled collagen with the error bars representing the standard deviation. For the 3.5

mg/mL unlabeled collagen at 37𝑜C, the average results of N=2 samples is shown.
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A.3. Synthetic networks

Figure A.4: Synthetic networks. A representative network is shown (left to right) for each of the average
connectivity <z> = 3.12, 3.20, 3.36, 3.56.

Low SNR High SNR

1) Simulation

2) Gaussian, 
and median 
filter

3) Intensity
normalization

4) Deconvolution

Reconstruction

Figure A.5: Overview of the pre-processing step for the simulated confocal images.

Step Process Parameters
Pre-processing Smoothing Gaussian: sigma=2.5 truncate=0.2

Intensity normalization Lower: (manually determined), Upper: 0.9999-th percentile
Deconvolution 2 iterations of the Richardson-Lucy algorithm (Gaussian PSF)

Intensity normalization Lower: 0, Upper: 0.9999-th percentile
DisPerSe Tracing cut: 40, smooth: 100, assemble: 30, trimBelow: 15

Skeleton refinement Custom functions 𝜃𝑡ℎ𝑟 = Π
3 , 𝑙𝑡ℎ𝑟 = 0.4 µm

Table A.2: Parameter values for the ToFiE workflow for the reconstruction of synthetic networks. The
corresponding image voxel size is 0.1x0.1x0.1 µm.



A.3. Synthetic networks 70

Skeleton 
from 

DisPerse 

Skeleton 
after 

refinement

SNR = 0.9 

SNR = 1.2 

SNR = 1.9 

Ground truth

Figure A.6: Network reconstruction before and after the skeleton refinement step at different signal to
noise ratios. The ground truth synthetic network is shown above (cyan). Below it are the skeleton

reconstructions from DisPerSe (left) and the skeleton reconstructions after refinement with the parameters 𝜃𝑡ℎ𝑟
= Π

3 and 𝑙𝑡ℎ𝑟 = 0.4 µm (right). The marker shapes represent the identified connectivities of junctions in the
skeleton.
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A.4. Collagen image library

1.5 mg/mL 2.5 mg/mL 3.5 mg/mL

25µm

30oC

37oC

26oC

Figure A.7: 3D image library of collagen microstructures (N=2). The maximum intensity projection of
processed confocal fluorescence images of the collagen gels (concentration: 1.5, 2.5, 3.5 mg/mL,

polymerization temperature: 26𝑜C, 30𝑜C, 37𝑜C) prepared with 1:2 mass fraction of Dylight 550 labelled and
unlabeled collagen monomers are shown over a depth of 4.95 µm. Scale bar represents 25 µm, and the image

size is 112 µm with an isotropic pixel size of 0.1 µm.

A.4.1. Collagen network reconstruction

Step Process Parameters
Pre-processing Smoothing Gaussian: sigma=2.5 truncate=0.1

Intensity normalization Lower: 0, Upper: 0.999995-th percentile
Deconvolution 4 iterations of the Richardson-Lucy algorithm (Gaussian PSF)

Intensity normalization Lower: 0, Upper: 0.9999-th percentile
DisPerSe Tracing cut: 20, smooth: 100, assemble: 30, trimBelow: 10

Skeleton refinement Custom functions 𝜃𝑡ℎ𝑟 = Π
3 , 𝑙𝑡ℎ𝑟 = 0.4 µm

Table A.3: Parameter values for the ToFiE workflow for the reconstruction of collagen networks. The
corresponding image voxel size is 0.11x0.11x0.11 µm.



A.4. Collagen image library 72

Figure A.8: Montage of the fiber tracing video. The imaged collagen network is shown in green, and the
reconstructed network with the cut parameter value of 20 is overlaid on top in magenta. Each frame represents

the maximum intensity projection across a depth of 0.55 µm. The image size is 112 µm.
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A.5. Strain-controlled ramp
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Figure A.9: Polymerization time sweep of atelocollagen I networks at different temperatures. The storage
G’ and loss G” modulus is plotted as a function of time. N=4 samples shown, except for the 3.5 mg/mL network
polymerized at 30𝑜C (N=3 samples) and 3.5 mg/mL network polymerized at 37𝑜C (N=2 samples). The error

bar represents the standard deviation.
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Figure A.10: Apparent viscosity during the strain-controlled ramp. Atelocollagen networks with different
collagen concentrations (1.5, 2.5, 3.5 mg/mL) polymerized at 37𝑜C are subject to a strain-controlled ramp at
𝛾̇ = 0.1%/𝑠. The apparent viscosity defined as 𝜂 = 𝜎

𝛾̇ is plotted as a function of 𝛾. Each curve represents a
different sample.
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A.6. Stress-controlled ramp
A.6.1. Linear stress ramp
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Figure A.11: Polymerization time sweep of atelocollagen I networks at 30𝑜C. The average storage G’ and
loss G” modulus is plotted as a function of time. N=12 samples are shown for each collagen concentration. The

error bar represents the standard deviation.
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Figure A.12: Polymerization time sweep of atelocollagen I networks at 37𝑜C. The average storage G’ and
loss G” modulus is plotted as a function of time. N=12 samples are shown for each collagen concentration. The

error bar represents the standard deviation.
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Figure A.13: Stress ramp with atelocollagen networks polymerized at 30𝑜C. Each curve represents a
different sample. N=4 samples for each loading rate.
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Figure A.14: Stress ramp with atelocollagen networks polymerized at 37𝑜C. Each curve represents a
different sample. N=4 samples for each loading rate.
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Figure A.15: Experimental determination of the critical exponent 𝜆 at the first peak in dissipation. A
representative sample of the 3.5 mg/mL atelocollagen networks polymerized at 37𝑜C with the ramp at 𝜎̇ = 1
Pa/s is shown in (a-c), or 𝜎̇ = 0.1 Pa/s in (d-f). (a,d) The black markers represent the datapoints where 𝛾 < 𝛾𝑑,

shown for all possible values of the divergence strain 𝛾𝑑 between the manually determined nearest two
datapoints flanking the divergence in viscosity. The datapoints where |𝛾 − 𝛾𝑑| ≤ 2.5 (a), or |𝛾 − 𝛾𝑑| ≤ 2 (d),
are fitted to determine the critical exponent 𝜆 in the relation 𝜂 ∝ |𝛾 − 𝛾𝑑|−𝜆, resulting in a different 𝜆 for each
value of 𝛾𝑑, shown with the dashed line. The theoretical fit with 𝜆 = 1.5 from the simulations of Shivers et. al.

is plotted as the solid line [2]. (b,d) The weighted mean square error WMSE, defined as WMSE(𝜆)
= 1

𝑘 ∑𝑘
𝑖=1

1
𝜂2

𝑖
(𝜂𝑖 − 𝜂𝑓𝑖𝑡,𝑖(𝜆))2, is calculated between the datapoints and the fitted line for each 𝜆, and is

plotted here as a function of the distance |𝛾 − 𝛾𝑑| from the divergence. (c,f) For specific values of 𝜆, the
WMSE jumps up beyond a certain distance |𝛾 − 𝛾𝑑|, indicating the end of the divergence region. The WMSE
right before and after this transition is defined as WMSE1 and WMSE2, respectively. The relative size of the
jump 𝑊𝑀𝑆𝐸2−𝑊𝑀𝑆𝐸1

𝑊𝑀𝑆𝐸1
is plotted for each 𝜆. The best fit 𝜆 is chosen as the value which maximizes the size

of the jump, indicating a good fitting for the divergence, and a poor fitting beyond the divergence.
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A.6.2. Cyclic stress ramp
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Figure A.16: Cyclic stress ramp with 3.5 mg/mL atelocollagen networks polymerized at 37𝑜C. The cyclic
loading protocol in Figure 2.6d is carried out. Each row represents a different sample. Each column represents
the 𝜂(𝜎) response as a function of 𝜎 for the loading part of one cycle, with increasing final stress magnitude of

20, 30, 50, 70, 90, 110 Pa (from left to right).
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Figure A.17: Cyclic stress ramp with 3.5 mg/mL telocollagen networks polymerized at 37𝑜C. The cyclic
loading protocol in Figure 2.6d is carried out. Each row represents a different sample. Each column represents
the 𝜂(𝜎) response as a function of 𝜎 for the loading part of one cycle, with increasing final stress magnitude of

20, 30, 50, 70, 90, 110 Pa (from left to right).
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Figure A.18: Polymerization time sweep of 3.5 mg/mL telocollagen networks at 37𝑜C. The average storage
G’ and loss G” modulus is plotted as a function of time. N=4 samples are shown. The error bar represents the

standard deviation.
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A.6.3. Linear stress ramp with larger cone head diameters (30 mm and 40
mm)
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Figure A.19: Polymerization of 1.5 mg/mL atelocollagen networks at 37𝑜C with the cone head diameter d
= 30 mm (N=7) or d = 40 mm (N=5). The average storage G’ and loss G” modulus is plotted as a function of
time. The samples all turned out to be on the softer side compared to what is expected for this condition (G’
≈15-25 Pa) and the sample to sample variations are large, so the stress ramp results in Figure A.20 should be

carefully considered.
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Figure A.20: Stress ramp with 1.5 mg/mL atelocollagen networks polymerized at 37𝑜C, with the cone
head diameter d = 30 mm or d = 40 mm. The apparent viscosity 𝜂 is shown as a function of 𝜎. Each curve

represents a single sample.
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A.7. Pre-strain frequency sweep test
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Figure A.21: Pre-strain frequency sweep test with a 2 mg/mL atelocollagen network polymerized at 37𝑜C.
The pre-strain frequency sweep test in Figure 2.6e is carried out. One representative sample is depicted. Colors
represent the pre-strain value 𝛾0. The storage G’, loss G” modulus and stress 𝜎 is plotted as a function of time.
The zero-shear viscosity 𝜂″

0(𝛾0) is determined as the limit of dynamic viscosity 𝜂″(𝜔, 𝛾0) = 𝐺″ (𝜔,𝛾0)
𝜔 as 𝜔

approaches zero as defined in Shivers et al. (Eq. 2.5) [2].
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Figure A.22: Polymerization of 2 mg/mL atelocollagen network at 37𝑜C with crosslinking agent
glutaraldehyde GA. The storage G’ (dark blue) and loss modulus G” (light green) is plotted as a function of
time. 0.001% w/v of GA in 1X PBS is added around the cone head after 45 minutes of polymerization, and the

G’ and G” is monitored for another 3 hours. Each line represents a single sample.
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Figure A.23: Pre-strain frequency sweep test with 0.001% GA-crosslinked 2 mg/mL atelocollagen
network polymerized at 37𝑜C. The pre-strain frequency sweep test in Figure 2.6e is carried out. One

representative sample is depicted. Colors represent the pre-strain value 𝛾0. The storage G’, loss G” modulus
and stress 𝜎 is plotted as a function of time. The zero-shear viscosity 𝜂″

0(𝛾0) is determined as the limit of
dynamic viscosity 𝜂″(𝜔, 𝛾0) = 𝐺″ (𝜔,𝛾0)

𝜔 as 𝜔 approaches zero as defined in Shivers et al. (Eq. 2.5) [2].
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Figure A.24: Pre-strain frequency sweep test with 0.001% GA-crosslinked 2 mg/mL atelocollagen
network polymerized at 37𝑜C. The pre-strain frequency sweep test in Figure 2.6e is carried out. One

representative sample is depicted. Colors represent the pre-strain value 𝛾0. The storage G’, loss G” modulus
and stress 𝜎 is plotted as a function of time. The zero-shear viscosity 𝜂″

0(𝛾0) is determined as the limit of
dynamic viscosity 𝜂″(𝜔, 𝛾0) = 𝐺″ (𝜔,𝛾0)

𝜔 as 𝜔 approaches zero as defined in Shivers et al. (Eq. 2.5) [2].
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A.8. Pre-strain stress relaxation test
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Figure A.25: Pre-strain stress relaxation test implementation. The stress-relaxation test proposed by Shivers
et al. [2], is carried out at step-wise increasing pre-strain values 𝛾0 surrounding the critical strain. Each 𝛾0 is

held for 1000s, during which the stress relaxation curve is recorded.
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Figure A.26: Pre-strain stress relaxation test with 2 mg/mL atelocollagen network polymerized at 37𝑜C.
One representative sample is depicted. The stress-relaxation curve is obtained at every 𝛾0. We compute the

normalized stress difference 𝜎𝑛𝑜𝑟𝑚. as 𝜎𝑛𝑜𝑟𝑚. = 𝛿𝜎(𝑡) − 𝛿𝜎∞/𝛿𝜎(0), where 𝛿𝜎∞ ≈ 𝛿𝜎(1000𝑠) [2]. On
the left, we plot the −𝑙𝑛(𝜎𝑛𝑜𝑟𝑚.) as a function of time. The reciprocal of the slope of this curve is equal to the
relaxation time 𝜏 . As the stress in the system tends to decay with multiple relaxation times, the log-linear plot is
not completely straight. 𝜏𝑓𝑎𝑠𝑡 dominates the initial response, and the slowest relaxation time 𝜏𝑠𝑙𝑜𝑤 dominates

the terminal region of the curve. On the right, we plot the 𝜏𝑓𝑎𝑠𝑡 and 𝜏𝑠𝑙𝑜𝑤 as a function of 𝛾0. 𝜏𝑓𝑎𝑠𝑡 is
computed as the average of the linear fits to the points from t=0s to t=7s with a sliding window size of

𝑡𝑤𝑖𝑛𝑑𝑜𝑤 = 5s. The 𝜏𝑠𝑙𝑜𝑤 is computed as the average of the linear fits to the datapoints between t=300s and
t=800s, with a sliding window size of 𝑡𝑤𝑖𝑛𝑑𝑜𝑤 = 225s. The error bars represent the standard deviation.

Because of noise in the data, it is difficult to obtain reliable fits.
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Figure A.27: Pre-strain stress relaxation test with 2 mg/mL atelocollagen network polymerized at 37𝑜C.
One representative sample is depicted. The stress-relaxation curve is obtained at every 𝛾0. We compute the

normalized stress difference 𝜎𝑛𝑜𝑟𝑚. as 𝜎𝑛𝑜𝑟𝑚. = 𝛿𝜎(𝑡) − 𝛿𝜎∞/𝛿𝜎(0), where 𝛿𝜎∞ ≈ 𝛿𝜎(1000). On the
left, we plot the −𝑙𝑛(𝜎𝑛𝑜𝑟𝑚.) as a function of time. The reciprocal of the slope of this curve is equal to the

relaxation time 𝜏 . As the stress in the system tends to decay with multiple relaxation times, the log-linear plot is
not completely straight. 𝜏𝑓𝑎𝑠𝑡 dominates the initial response, and the slowest relaxation time 𝜏𝑠𝑙𝑜𝑤 dominates

the terminal region of the curve. On the right, we plot the 𝜏𝑓𝑎𝑠𝑡 and 𝜏𝑠𝑙𝑜𝑤 as a function of 𝛾0. 𝜏𝑓𝑎𝑠𝑡 is
computed as the average of the linear fits to the points from t=0s to t=7s with a sliding window size of

𝑡𝑤𝑖𝑛𝑑𝑜𝑤 = 5s. The 𝜏𝑠𝑙𝑜𝑤 is computed as the average of the linear fits to the datapoints between t=500s and
t=800s, with a sliding window size of 𝑡𝑤𝑖𝑛𝑑𝑜𝑤 = 250s. The error bars represent the standard deviation.

Because of noise in the data, it is difficult to obtain reliable fits.
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Figure A.28: Schematic of the rheo-confocal setup with a cone-head and bottom glass coverslip geometry
(cone angle 𝛼 = 1𝑜, diameter 𝑑 = 20𝑚𝑚). The collagen network polymerizes in situ between the cone head
and the glass coverslip. The gap in the heated bottom plate allows the objective lens, positioned 𝑟𝑜𝑏𝑗 off the

cone-head rotation axis, to image the collagen network through the glass coverslip.

A.9.1. Method
The rheo-confocal setup consists of a DSR-502 Anton Paars head mounted on the LSM 710
(Zeiss Observer Z.1 inverted microscope) with a heated bottom plate (Figure A.28). The bot-
tom heated Peltier plate is removed to screw the 63x oil immersion objective lens (Zeiss, Plan-
APOCHROMAT NA 1.4) onto the microscope. The Peltier plate is screwed back on, and
several drops of immersion oil (Zeiss, 518 F) are applied over the objective lens through the
hole in the Peltier plate. A glass coverslip,centered with the rheometer head, is fixed onto the
Peltier plate by applying glue to fully cover its edges. The glue is left to dry for ten minutes.
The stainless-steel rheometer cone head with an angle of 1𝑜 and diameter of 20 mm (part no.
3274, serial no. 16798) is inserted into the rheometer, and the XY position of the head is
adjusted with the side knob such that 0 is aligned with 5 mm on the knob. The zero gap is man-
ually set by moving the head down until it makes contact with the coverslip, and the normal
force reads 0.1 N. The inertia and motor check are carried out on the rheometer. Image set-
tings are adjusted on the imaging computer using the ZEN software. For confocal fluorescence
imaging, the 514 nm laser line is used with the MBS 458/514 excitation filter, and emission in
the range of 515-797 nm is collected. The exact image acquisition settings used are described
in more detail in the caption (Appendix A.30,A.32,A.34). The rheology protocol is set with
the Rheoplus software on the computer connected to the rheometer. Fluorescently labeled col-
lagen networks are prepared as described in Appendix A.1 and in Chapter 2 2.2.2.1, and 40
µL of sample is pipetted onto the glass coverslip, centered with the rheometer head. The head
is manually moved to the gap position (40 µm) and mineral oil is added around the sample to
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prevent evaporation. The sample is enclosed with the hood, and it is double-checked to make
sure there is no contact of the hood with the rheometer head. The inside of the hood is lined
with wet tissue to maintain a humid environment. The rheometer measurement and imaging
are started at the same time after sample preparation. As in Chapter 2, the polymerization of
the sample is monitored by applying small oscillatory strain of amplitude d𝛾=1% to the sam-
ple and measuring the storage G’ and loss G” modulus. After complete polymerization of the
sample (G’ and G” reaches a plateau value), the stress ramp at the loading rate of 𝜎̇ = 0.1 Pa/s
(Figure 2.6c) and timelapse imaging are carried out at the same time until sample rupture. For
each new sample, the rheometer head and the previous glass coverslip is removed and a new
coverslip is glued in place. The zero gap setting, inertia and motor check is carried out again
after reinserting the rheometer cone head.

A.9.2. Preliminary trials
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Figure A.29: Stress-controlled ramp is conducted at 𝜎̇ = 0.1 Pa/s with a fluorescently-labeled 1.5 mg/mL
atelocollagen network in the rheo-confocal setup. The labeled network consists of a 1:2 mass fraction of

DyLight 550 labeled to unlabeled collagen monomers. The apparent viscosity 𝜂 is plotted as a function of stress
𝜎. Images are acquired every 10 s during the stress ramp (dashed line), and the corresponding image montage is

shown in Figure A.30.
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Figure A.30: Montage of 2D timelapse images of a fluorescently-labeled 1.5 mg/mL atelocollagen network
during the stress-controlled ramp at 𝜎̇ = 0.1 Pa/s in the rheo-confocal setup. The labeled network consists
of a 1:2 mass fraction of DyLight 550 labeled to unlabeled collagen monomers. The field of view is 50x50 µm
with a pixel size of 0.2 µm. The laser scanning speed of 4 results in frame acquisition time of 7.71s and the laser
power of 25% is used. The corresponding viscosity 𝜂 and stress 𝜎 of the sample at each time point is shown in

A.29.
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Figure A.31: Stress-controlled ramp at 𝜎̇ = 0.1 Pa/s with a fluorescently-labeled 1.5 mg/mL atelocollagen
network in the rheo-confocal setup. The labeled network consists of a 1:2 mass fraction of DyLight 550

labeled to unlabeled collagen monomers. The apparent viscosity 𝜂 is plotted as a function of stress 𝜎. Images
are acquired every 15 s during the stress ramp (dashed line), and the corresponding image montage is shown in

Figure A.32.
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Figure A.32: Montage of 3D timelapse images of a fluorescently-labeled 1.5 mg/mL atelocollagen network
during the stress-controlled ramp at 𝜎̇ = 0.1 Pa/s in the rheo-confocal setup. The labeled network consists
of a 1:2 mass fraction of DyLight 550 labeled to unlabeled collagen monomers. The field of view shown is the
maximum intensity z-projection of the 3D image (dimensions are 50 x 50 x 2 µm with a voxel size of 0.2 x 0.2 x
0.18 µm), which is acquired every 15s. The laser scanning speed of 7 and the laser power of 25% is used. The

corresponding viscosity 𝜂 and stress 𝜎 of the sample at each time point is shown in A.31.
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Figure A.33: Stress-controlled ramp at 𝜎̇ = 0.1 Pa/s with a fluorescently-labeled 1.5 mg/mL atelocollagen
network in the rheo-confocal setup. The labeled network consists of a 1:2 mass fraction of DyLight 550

labeled to unlabeled collagen monomers. The apparent viscosity 𝜂 is plotted as a function of stress 𝜎. Images
are acquired every 5 s during the stress ramp (dashed line), and the corresponding image montage is shown in

Figure A.34.
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Figure A.34: Montage of 3D timelapse images of a fluorescently-labeled 1.5 mg/mL atelocollagen network
during the stress-controlled ramp at 𝜎̇ = 0.1 Pa/s in the rheo-confocal setup. The labeled network consists
of a 1:2 mass fraction of DyLight 550 labeled to unlabeled collagen monomers. The field of view shown is the
maximum intensity z-projection of the 3D image (dimensions are 50 x 50 x 2 µm with a voxel size of 0.2 x 0.2 x
0.46 µm), which is acquired every 5s. The laser scanning speed of 7 and the laser power of 25% is used. The

corresponding viscosity 𝜂 and stress 𝜎 of the sample at each time point is shown in A.33.
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